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CHAPTER I. GENERAL INTRODUCTION 
The standard procedures for measuring soil properties are usually complex, 
expensive, and time-consuming. Therefore, simple and economical soil testing techniques 
are needed in the laboratory and in the field. Near-infirared reflectance spectroscopy (NIRS) 
is a nondestructive analytical technique for characterization and quantification of properties 
of materials. This technique is widely used as a quality assessment tool in the agricultural, 
food, pharmaceutical, petrochemical, polymer, textile, and other industries (Wetzle, 1983; 
Williams and Norris, 1987; Creaser and Davies. 1988a; Murray and Cowe, 1992; McClure, 
1994). 
NIRS has been used to predict several soil properties (such as soil C, N, CEC, clay, 
etc.) and obtained promising results. However, these studies were limited in one way or 
another due to small number of samples analyzed, lack of diversity in soil types, and/or small 
number of soil properties tested. The main goals of this project were to evaluate the ability 
of NIRS to predict a wide variety of soil properties and the potential field application of 
NIRS. 
Dissertatioa Organizatioa 
This dissertation contains a general introduction, four manuscripts prepared for 
publication, and general conclusions. The first manuscript is entitled "NIE^ analysis of soil 
C and N." NIRS was used to estimate C and N content in soil-carbonate-organic material 
mixtures. This chapter shows the ability of NIRS to independently quantify organic C, 
inorganic C, total C, and total N. The third manuscript is entitled "Influence of soil moisture 
on near-infirared reflectance spectroscopic measurement of soil properties." The influence of 
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soil moisture on the near-infrared spectra of soils and the accuracy of NIRS predictions of 
soil properties are discussed in this chapter. The third manuscript is entitled "Interactions 
between near-infrared light, soil water, and the soil matrix." The influence of soil matrix 
properties on the response of incident light in the near-IR region to soil water is discussed in 
this chapter. The fourth manuscript is entitled "Near-infrared reflectance spectroscopy-
principle component regression analysis of soil properties." NIRS was used to predict 
diverse soil physical, chemical, and biological properties of802 soil samples from four 
Major Land Resource Areas (MRLAs). This chapter evaluates the potential application of 
NIRS for analysis of soil property on regional and national scales. 
Literature Review 
Near-infrared reflectance spectroscopy (NIRS) can be used to characterize and 
quantify the chemical and physical properties of a material. NIRS, which relies on 
chemometrics, is an empirically based analytical technique. Although near-IR region was 
discovered by W. Herschel in 1800, near-IR spectroscopy did not receive much attention 
until the 1950s. This negligence was partially due to the difficulty of near-infrared spectra 
interpretation and the requirement of complicated calibration procedures. Early studies 
related to near-IR spectroscopy were reviewed by Kaye (1954,1955), Goddu (1960), and 
Whetsel (1968). 
ECarl Norris of the USDA Beltsville laboratory first iKed NIRS to determine moisture, 
protein, and oil in agricidtural products in 1960s (Ben-Gera and Norris, 1968). NIRS, once 
referred to as a "sleeper among spectroscopic techniques" (Wetzel, 1984), now has many 
diverse mdustrial applications. By 1994, McQure described NIRS acceptance, notmg that 
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"the Giant is running strong." Despite disadvantages, such as insensitivity to minor 
components and sensitivity to the calibration procedures, NIRS has been widely accepted due 
to its rapidness, minimal or no sample pretreatment, and nonconsumption of the sample. The 
growing interest in NIRS is principally due to instrumental breakthroughs and the advance of 
computing and chemometrics. 
Recent advances in NIRS were reviewed by Martin (1992) and McClure (1994), and 
the interpretation of near-IR spectra was simmaarized by Workman (1996). 
Theory 
The basic principle of vibration spectroscopy can be found in textbooks of general 
physical chemistry and spectroscopy. The information summarized here is based on 
"Physical Methods for Chemists" (Drago, 1992), "Near-infirared Technology in the 
Agricultural and Food Industries" (Williams and Norris, 1987), and a review paper written 
by Workman (1996). The energy of IR light, depending on the wavelength (A.), corresponds 
to the ener^ difference between different rotational and vibrational states of a molecule. 
Generally, the far-IR region (A.=4xl0'^ -10^ nm) corresponds to molecular rotations and the 
mid-IR (A.=2500-4xl0"^ nm) conresponds to fimdamental molecular vibrations, such as 
stretching, bending, wagging, and scissoring. The ener^ of near-IR light (A.=480-2500 nm) 
corresponds to overtones and combination bands of fimdamental molecular vibrations from 
the mid-IR. 
Vibrational spectroscopy is the study of interactions between the molecules and 
electronic field component of incident light in the mid- and near-IR region. Such interactions 
result in absorption of light by molecules when the energy of incident light (Ep) is equal to 
4 
the ener^ difference (AE) between the quantized ener^ levels of diSerent vibrational states 
of the molecule. Their relationship can be expressed as: 
Hp = hv = hc/A. = AE, [I] 
where v is the frequency of incident light, c is velocity of light. A, is the wavelength, and h is 
Plank's constant- The energy difference, AE, is specified by chemical bonds of functional 
groups in the molecules. A molecule must undergo a change in dipole moment in order to 
absorb IR light. Based on a harmonic oscillator, the permitted energy states of a molecule 
are given by: 
Ev = hv(v-M/2), [2] 
where v is the vibrational quantum number (v = 0,1,2, ). The fimdamental vibration 
means the transition from v = 0 to v = 1. According to the selection rule for a harmonic 
oscillator, only Av = +1 is permitted in the absorption of radiation. Because most molecules 
are not perfect harmonic oscillators, transitions other than Av = -{-l can occur. The transitions 
from V = 0 to V = 2 and v = 3 are called the first and second overtones, respectively. 
Generally, the intensity of the first overtone is an order of magnitude less than that of the 
fimdamental vibration, and the intensity of the second overtone is an order of magnitude less 
than that of the first overtone. Due to anharmonic properties, the frequencies of overtones 
usually are smaller than expected. 
The energy difference, AE, between adjacent levels for a harmom'c oscillator is given 
by: 
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AE = (h/27c)(k/|x) '^^ , [3] 
where k is the force constant and p. is the reduced mass. The force constant can be 
considered as the strength of a chemical bond; therefore, AE is specified by the masses of 
atoms and the type of chemical bond. 
Only the vibrational bands of certain types of chemical bonds are found in the near-IR 
region. If the chemical bond is too weak or the atoms are too heavy, the fimdamental 
vibration will occur at very low firequency. As a result, the higher overtones in the near-IR 
region may not be detectable. Therefore, the near-IR is dominated by the overtones and 
combinations of fimdamental vibration for 0-H, C-H, and N-H found in mid-IR (Wetzel, 
The amount of light absorbed is a fimction of the concentration of the absorber. 
Based on the Beer-Lambert law, the relationships between absorbance (A), transmittance (T), 
and concentration (c) for monochromatic light can be expressed by: 
where lo is the intensity of the incident light, I is the intensity of the transmitted light, k is the 
molecular absorption coefficient, and I is the path length of light through the sample. The 
molecular absorption coefficient, is characteristic of each molecule, and it is dependent on 
the wavelength of the incident light. 
Near-infrared reflectance spectroscopy is the study of interactions between mcident 
light and a material's surface and is based on analysis of light which is diffusely reflected. 
When light hits a material, it can be reflected, refracted, dif&acted, and/or absorbed. Diffuse 
1983). 
A = log (l/T) = log (lo/I) = klc, [4] 
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reflection occurs when a portion of the incident light is scattered back by boundaries of 
particles within a sample, and a portion of the incident light may be absorbed during the 
scattering. Factors that influence the mean light path length include particle size and shape, 
voids between particles, bulk density, the refractive indices of particles, and absorption, hi 
the reflectance measurement, the sample must be packed thick enough so that all incident 
light is either absorbed or reflected. Although reflectance (R) is not strictly equal to 
transmittance, it is analogous to transmittance; and therefore for practical applications of 
NIRS, equation [4] can be expressed as: 
log (I/R) =klc = A [5] 
Quantitative Analysis 
Because of the broad and overlapping nature of absorption bands in the near-IR 
region, it is not realistic to estimate the concentration of a component of a material by 
directly using the Beer-Lambert law. In addition, scattering effects during reflectance 
measurements and indeterminate path lengths due to variations in particle size, shape, and 
arrangement may cause nonlinear responses between reflectance and the properties of a 
material. Therefore, a more complicated approach is needed for correlating reflectance 
spectra and properties of a material, and this approach generally includes data pretreatment, 
multivariate calibration and prediction, and validation steps. Detailed discussions of 
calibration procedures are given in "Multivariate calibration" (Martens and Naes, 1989) and 
"Chemometrics: a practical guide" (Beebe etal. 1998). 
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Stepwise multiple linear regression (SMLR), principal components regression (PGR), 
and partial least squares regression (PLSR) are the most popular inverse least square 
methods. In the inverse square model, the relationships between the spectral reflectance (x) 
and the value of a property (y) for a sample can be expressed as: 
y=ao + SajXj,  [6]  
where x, represents the reflectance data at fth wavelength, and aj the corresponding 
coefficient at fth wavelength. Representative spectral data for a few wavelengths are used in 
equation [6] for SMLR while whole spectra are considered in PGR and PLSR by obtaining 
new spectral data from original spectra (property data are also used in PLSR). Fourier 
regression, locally weighted regression (LWR) and artificial neural networks are also used 
forNIRS analysis. (McClure et al. 1984; Creaser and Davies, 1988b; Naes and Isaksson, 
1990). 
Applications for Soil 
Several studies have focused on the applications of NERS on soil materials. Bowers 
and Hanks (1965) studied the reflection of solar radiant eners^ from soils and concluded that 
the reflectance and absorbance of radiation were strongly affected by surface moisture 
content, organic matter content, and particle size. Based on the strong correlation between 
moisture content and reflectance at 1900 nm, they suggested the potential of reflectance 
measurements for determining soil moisture content. AI-Abbas et al. (1972) used the 
multispectral reflectance data (including 12 spectral channels from 400 to 2600 nm) obtained 
from an airborne optical-mechanical scanner and found that light reflectance is negatively 
8 
correlated with organic matter and clay content. They used a stepwise multiple linear 
regression method to correlate reflectance with the organic matter and clay content, and 
obtained r^ values between measured and predicted values of0.569 and 0.536, respectively. 
The spectral reflectance in the following wavelength ranges contributed significantly (in 
descending order) to their linear regression model for organic matter: 720-800, 1500-1800, 
400-440,460-480, 1000-1400,520-550 nm. Difierent wavelength ranges were used for clay 
content (in descending order): 1000-1400,2000-2600,580-620, 660-720,400-440, and 620-
660 nm. 
Krishnan et al. (1980) compared analyses of spectral reflectance in visible and near-
IR regions for prediction of soil organic matter content in Illinois soils. They used a stepwise 
multiple regression program to analyze the spectral reflectance and to determine the optimum 
wavelengths for predicting organic matter content. The maximum r (0.87) between 
measured and predicted values in the near-IR region was obtained using the ratio of second 
derivatives of log (1/R) at 1136 and 1398.4 nm. The maximum r^ (0.98) between measured 
and predicted soil organic matter values was obtained using the ratio of first derivatives of 
log (1/R) at 623.6 and 564.4 nm for the visible light region. 
The characteristic variations in near-ER reflectance spectra for 485 surface soil 
samples firam the U.S. and Brazil representing 30 suborders of the ten orders (at that time) of 
Soil Taxonomy were studied by Stoner and Baumgardner (1981). Five distinct soil 
reflectance spectra were identified based on the curve shape of the reflectance spectra (in the 
unit of reflectance, R), the presence or absence of absorption bands, and the predominance of 
soil organic matter and iron oxide composition. They concluded that soil spectral 
characterization has important implications for soil classification and survey. 
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One hundred forty four samples (<2 mm) from three soil series in Queensland, 
Australia (six depth-intervals for eight profiles of each soil series) were analyzed in the study 
of Dalai and Henry (1986). They used reflectance at three wavelengths, as log (1/R), to 
predict moisture, total organic C, and total N content by multiple linear regression (r^=0.92, 
0.86, and 0.86, respectively). The wavelengths selected for moisture, total organic C, and 
total N were 1926,1954, and 2150 nm, 1744, 1870, and 2052 nm, and 1702,1870, and 2052 
nm, respectively. Based on the study of Goddu and Delker (I960), Dalai and Henry 
tentatively assigned the wavelengths used in calibration models to aromatic N (1702 nm), 
-CHj, >CH2 (1744 nm), -C=N (1870 nm), -OH (1926 and 1954 nm), -CONH, -CONHj, and 
>NH aliphatic amines (2050 nm). They concluded that within a narrow range in soil color 
and at moderate amounts of organic matter (3-25 g C kg*'), NIRS could be used in routine 
soil testing. Morra et al. (1991) used a similar approach to correlate near-IR reflectance and 
total C and N in the silt (50.0-2.0 fm) and coarse clay (2.0-0J2 ^m) fractions, and they also 
concluded that NIRS could be used to predict C and N concentration in soil size fractions. 
Henderson et al. (1992) studied the spectral reflectance (400-2500 nm) of organic 
matter extracted and purified from four Indiana agricultural soils. They found that 
reflectance in the visible region was strongly correlated with organic C content and 
significantly responded to the concentrations of Fe- and Mn-oxides for soils having the same 
parent material. Five near-IR bands (1955-1965,2215,2265,2285-2295,2315-2415) were 
strongly correlated with organic C for soils with different parent materials. 
The prediction ability of MRS for sofl N availability was compared with other tests 
by Fox et al. (1993). They concluded that NIRS could be used as an alternative to the pre-
sidedress nitrate test (PSNT) for predicting whether humid-region cornfields would respond 
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to N fertilizer. Fritze et al. (1994) studied reflectance spectra (11000-3000 cm'^ or 909.1-
33333 mn) of 20 fire- or wood ash-treated humus samples and found the first regression 
component (based on partial least squares) obtained firom spectroscopic characterization 
could explain 60 to 80% of the variation in soil respiration and microbial biomass. 
Sudduth and Humme (1993a) designed and fabricated a portable near-infrared 
spectrophotometer with a sensing range of 1630 to 2650 mn and a bandwidth under 55 imi. 
The spectral reflectance measured by the prototype photometer was correlated with soil 
organic matter content, CEC, and moisture content of 30 Illinois soils. They obtained good 
prediction results (r^O.85) in the laboratory (Sudduth and Humme, 1993b). However, larger 
prediction errors for organic matter were obtained from in-furrow field operation due to the 
movement of soil past the sensor during data collection. Using the same technique, they also 
concluded that the predictions of these soil properties became less accurate as the geographic 
range of samples increased (1996). Ben-Dor and Banin (1995) used NIRS to simultaneously 
estimate six soil properties for 91 surface soil samples (representing 12 soil groups) from 
Israel. The r^ values between measured and predicted values for validation sets were 0.64, 
0.56,0.62,0.67,0.51, and 0.59 for CEC, clay, hygroscopic moisture, carbonate, organic 
matter, and specific surface area, respectively. 
Ehsani et al. (1999) correlated the spectral reflectance (1800-2500 mn) and soil NOs" 
levels using partial least square and principal components regressions. They concluded that 
NIRS could be used as a rapid technique for soil mineral N determination. 
Based on these smdies, NIRS can be used as a rapid analytical tool for soil organic 
matter, total C, total N, moisture, clay, CEC, carbonate, and some biological properties. 
However, these studies were limited due to small sample size and/or analysis for only a few 
LI 
soil properties simultaneously. Therefore, more complete studies are needed to evaluate the 
potential application of NIRS for soil testing. 
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CHAPTER n. Nms ANALYSIS OF SOIL C AND N 
A paper to be submitted to Soil Science 
Cheng-Wen Chang and David A. Laird 
Abstract 
Near-infrared reflectance spectroscopy (NIRS) is a rapid and nondestructive 
analytical technique that could be used to quantify C and N in. soils. The objective of this 
study was to evaluate the ability of NIRS to estimate the C and N content of diverse soil 
materials. Samples analyzed were obtained by mixing soils with CaCOs, humic acid, and/or 
compost materials. NIR spectra of these samples (n=108) were correlated with measured 
values of organic C, inorganic C, total C, total N, and C JsT ratios using partial least square 
regression. The r^ values between the measured and predicted values were higher than 0.96 
for all tested properties. The results indicate that NIRS can be used to analyze soil organic C, 
inorganic C and total N simultaneously for soils with diverse C and N compositions. In 
addition, the successfiil prediction of total N and C:N ratios for the studied samples indicates 
that NIRS prediction of total N for soils is not based on the strong correlation between C and 
N, which is observed in most soils, rather the results indicate that NIRS can be used to 
quantify soil N directly. 
[atrodnction 
Near-infrared reflectance spectroscopy (NIRS) is a rapid and nondestructive 
analytical technique that correlates diSusely reflected near-infrared radiation with chemical 
and physical properties of a material. Near-infrared spectra are dominated by weak 
overtones and combinations of fundamental vibrational bands for H-C, H-N, and H-0 bonds 
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from the mid-infrared region (Wetzel, 1983). Soil minerals, organic matter, and moisture, 
are the major components of soil with distinct spectral features in the visible and near-
infrared regions (Bowers and Hanks, 1965; Himt and Salisbury, 1970; Krishnan, 1980; 
Stroner and Baumgardner, 1981; Clark, 1981; Dalai and Henry, 1986; Clark et al., 1991; 
Henderson et ai., 1992). Soils generally have similar reflectance spectra in the 1100 and 
2500 nm range, which include three distinct absorption peaks around 1400, 1900, and 2200 
nm and a few small absorption peaks between 2200 and 2500 nm. Beside the strong 
response of soil moisture at -1400 and ~1900 nm, the absorption peaks in the near-infrared 
region for soils are usually difficult to assign to specific groups. Soil organic matter has very 
complicated chemistry, and the MIR spectral response of orgam'c matter is mostly related to 
weak and/or overlapping overtones of fimdamental vibrations from the mid-IR. As a 
consequence, the assignment of the absorption features to specific functional groups of soil 
organic matter is very difficult. The strong absorption ability of organic matter may also 
mask the features related to soil minerals. However, based on multivariate calibration 
approach, the information related to soil physical properties, organic matter, and mineralogy 
may be extracted from MIR spectra of soils. 
Soil organic matter and carbonate, the major C sources in the soil, have very different 
NIR spectra (Stroner and Baumgardner, 1981; Gaffey, 1987; Henderson et al., 1992). Soil 
organic matter has a profound influence on soil physical, chemical, and biological properties. 
NIRS has been used to predict soil organic matter, and soil C and N content (Krishnan et al., 
1980; Dalai and Henry, 1986; Morra et al, 1991; Sudduth and Hummel, 1993; Ben-Dor and 
Banin, 1995). Beside the study of Ben-Dor and Banin (1995), which estimate organic matter 
and carbonate simultaneously (t^=0.5l for organic matter; r^=0.67 for carbonate), most 
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studies have focused oa either total C or organic C. Therefore, it is important to evaluate the 
ability of MRS to analyze organic and inorganic C at the same time. Generally, the C:N 
ratio in the soils is quite consistent Therefore, it was not clear if the prediction of total N in 
soils by NIRS is based on the spectral features of N containing organic fimctional groups or 
simply based on the strong correlation between organic C and N. 
In this study, soils were mixed with CaCOs, humic acid, and compost materials to 
produce diverse composition of soil C and N. NIRS was used to quantify the organic C, 
inorganic C, and total N in these soil mixtures. The main objectives of this study were to (1) 
investigate the ability of NIRS to predict organic and inorganic C, and total N 
simultaneously, and to (2) evaluate the ability of NIRS to estimate soil N directly. 
Materials and Methods 
Soil Mixtures 
Five surface soils representing three soil series were mixed with CaCOs, humic acid, 
and compost materials and analyzed in this study. Soil A, a silty clay loam, was collected 
from Tama County, lA. Soils B and C, silt loams, were collected fix)m Rosemont, MM. 
Soils D and E, sUty clay loams, were collected from Pocahontas County, EA. The taxonomic 
classification, vegetation cover, and total C and N of these soils are summarized in Table 1. 
Large pieces of plant residue were removed by hands, and the air-dried soils were passed 
through a 2-mm sieve. The sieved soils were the starting materials used for preparation of 
the various soil-chemical-organic material mixtures. 
Soil-CaCOa-Htmiic Acid Mixtures Soils A, B, D, and E were crushed in an agate mortar 
and autoclaved before being mixed with carbonate and humic acid. CaC03 and humic acid 
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(Aldrich Chemical Company, Wisconsin) were used to represent soil carbonate (the major 
inorganic C source) and organic matter (the major organic C source), respectively. Humic 
acid was washed by 1 M CaCla to obtain Ca-saturated hmnic acid. All the soils and 
chemicals were oven-dried before mixing. For each soil, 15 samples were prepared by 
mixing -20 g soil with nothing (the blank samples), three different levels of CaCOj, three 
different levels of humic acid, and eight different combinations of CaCOa and humic acid. A 
total of 60 soil mixtures were prepared. The total C and N of starting soils and humic acid 
were measured using a Carlo Erba NA 1500 NSC elemental analyzer (Maake Buchler 
Instruments, Paterson, NJ). The inorganic C for starting soils was determined by the 
titrimetric method of Bundy and Brenmer (1972). The inorganic and organic C, and total N 
contents of these mixtures were based on the calculations of weight percentage of each 
component. The calculated organic C, inorganic C, and total N content for these mixtures 
were ranges from 16.2 to 145.1 g kg"^ 0 to 35.7 g kg"', and 1.5 and 5.5 g kg"', respectively. 
Soil-Organic Material Mixtures Soils A and C were mixed with humic acid and various 
organic composts to produce soil mixtures with diverse C:N ratios and different sources of C 
and N. The organic materials used included (I) Ca-saturated hmnic acid. (HA), (2) com 
stalks/pig manure compost (CS/PM)(Tiqma et al., 2000), (3) paper sludge/manure compost 
(PS/M)(Zhang, 2000), (4) paper mill composted by bacteria (PM/B)(de la Rocha et al., 
1998), and (5) com stalks (CS). The various composts were dried at 70°C and ground to 
produce a fine powder. Around 80 g air-dried soil (<2 mm) were mixed with each powdered 
organic materials to obtain a total of ten soil mixtures. The mixtures and blank soils were 
kept moist and incubated at 35°C. About 20 g soils from each sample were collected after 
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three days, one month, two and half months, and four months of incnbation. A total of 48 
samples were obtained. The samples were crushed in an agate mortar and. put into an oven at 
105°C for two hours, and then stored in a desiccator over night before NIRS analysis. The 
total C and total N of these samples were measured using a Carlo Erba NA 1500 NSC 
elemental analyzer. No carbonate was detected in Soil A and Soil C. The organic C (total C) 
and total N content for these mixtures ranged from 15.4 to 91.7 g kg"^ and 1.5 to 4.4 g kg*\ 
respectively. 
NIRS Measurement 
About 20 g of soil mixture was placed in a small rectangular sample holder having a 
quartz window, and diffuse reflectance in the visible and near-infrared regions was measured 
with a Perstorp NIRSystems 6500 scanning monochromator (Foss NIRSystems, Silver 
Spring, MD). Spectral data obtained from averaging 25 scans were recorded as the logarithm 
of the inverse of reflectance [log (I/R)] at 2-nm interval from 400 to 2498 rma. 
NIRS Predictions 
The NIRS prediction procedures included spectral data pretreatment, partial least 
squares regression (PLSR) and prediction, and prediction ability evaluation. The reflectance 
spectra in the wavelength range between 1100 and 2498 nm were used in the NIRS-PLS 
technique. The spectral reflectance data were first averaged for every five adjacent spectral 
points to generate 140 new spectral data points, each representing a lO-nm interval. The 
averaged spectral data were smoothed using a fourpomt moving average, and the first 
differentials of the pretreated data were used for PLSR analysis. 
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One database containing the pretreated reflectance spectral data and the values of 
measured soil C and N for all 108 mixtures was established. During the prediction procedure 
for the mixtures, one spectrum was chosen as a test sample from the database and 50 samples 
with similar first differentials spectra were selected as the calibration set from among the 
other 107 samples, and then the PLS was used to predict the value of soil C or N for the test 
sample. The similarity of two soil spectra was based on their squared Euclidean distance 
between the first differentials spectra. Up to 15 factors were used in PLS to estimate the 
predicted values of the property for the test sample. The r^, RMSECV (root mean square 
error of cross-validation), and RPD (the ratio of standard deviation to RMSECV) between the 
predicted and measured values for the entire group of samples were calculated after all 
samples in the group were analyzed. The predicted values were based on the number of 
factors used to obtain the smallest RMSECV. 
All calculation programs were performed using MATLAB (The Mathworics, hic. 
Natic, MA). 
Results and Discussion 
NIR Spectra for Soil Mixtures 
The organic C, inorganic C, total C, and total N for the starting soils ranged from 16.2 
to 49.0,0 to 1.2,16.2 to 49.2, and 1.5 to 3.9 g kg"^ respectively. By adding CaCOs, humic 
acid, and/or compost materials the ranges of organic C, inorganic C, total C, and total N for 
the soil mixtures expanded to 15.4 to 144.9,0 to 35.7,15.4 to 145.1, and 1.5 to 5.5, 
respectively (Table 2). Although materials containing diverse C and N sources were added 
into soils, the reflectance spectra for these mixtures are still vay similan a large absorption 
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peak (OD=0-8~L3) in the visible region, three major peaks around 1400,1900, and 2200 mn, 
and a few small peaks between 2300 and 2500 mn. The NIR spectra for soil A mixtures are 
shown in Figure 1 and 2. 
CaCOs has very strong reflectance in the 400 to 2500 nm region [log (1/R)=0~0.12; 
R=l-0J6] due to its white color. On the contrary, pure humic acid has a very strong 
absorbance (weak reflectance) in the 400 and 2500 nm range due to its black color. The 
log (1/R) for the absorption peak of humic acid in the visible region ranges from 1.4 to 1.6 
(R=0.04~0.025), and the log (1/R) for the minimal absorption in the near-infrared region is 
around 03 (R=0.5) at 1850 nm. 
Two strong absorption peaks near 2340 and 2500 nm and three small but distinct 
absorption peaks near 1870,2000, and 2160 nm are found in the NIR spectrum of pure 
CaCOj. The observed NIR absorption peaks for CaCOs are due to overtones and 
combinations of fimdamental mid-IR vibrations for the planar CO3"" ion. The IR vibrational 
modes include symmetrical stretching (vl, 1063 cm*'), out-of-plane bending (v2,879 cm-), 
asymmetrical stretching (v3,1415 cm*'), and in-plane bending (v4,680 cm"'). The two 
strong peaks, ~2340 and -2500 nm, are associated with the second overtones of v3 (3v3, 
2300~2350 nm) and the combinations of vl and first overtone of v3 (vl-i-2v3,2500-2550 
nm). The three small CaCOs absorption peaks in the NIR are related to the combinations of 
vl+-3v3,2v2+-2v3, and vl+2v3+v4, respectively. 
Beside the absorption peaks related to water (~1400 and ~1900 nm), pure humic acid 
has two very distinct absorption peaks around 2310 to 2350 nm, and small absorption peaks 
around 1700 and 2150 nm (Figure 1). The peaks around 2310 and 2350 mn may be due to 
the C-N stretching and COO" stretching, respectively. However, the assignment of 
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absorption peaks to specific organic functional groups for humic acid is difficult due to the 
complicated chemistry of humic acid and the nature of NIR spectra. 
Although CaCOs and humic acid have different NIR spectra, the soil-CaCOs (8.0:1) 
and soil-humic acid (7.7:1) mixtures have similar spectra with the exception of small base 
line shifts which are mostly due to the color differences (Figure I). Similar phenomena were 
also observed for the soil-organic compost mixtures (Figure 2). The near-IR spectra (Figure 
2) were measxared after these soil materials were mixed and incubated for three days; 
therefore, the spectra should represent the characteristics of the added organic materials. The 
soil A: organic material mixtures were 8.1:1,14JZ:1,6.1:1,17J:1, and 10.6:1, for the 
CS/PM, PS/M, PM/B, CS, and HA mixtures, respectively. Beside the large base line shift for 
Soil+PM/B, the differences of spectral features among the Soil A mixtures are subtie. 
The relationships between reflectance intensity, in terms of the first differentials of 
log (1/R), and orgamc C, inorganic C, total C, and total N are shown m Figure 3. Organic C 
and total C have very similar response to incident light in this range, and it is basically due to 
the strong correlation between organic and total C (r=0.96) in the soil matures. Total N also 
has similar response to that of organic C and total C. The response of inorganic C, on the 
other hand, is qmte different from the total C and N, and orgamc C responses. 
NIRS Analysis for Soil C and N 
In order to reduce the scattering effect due to variation in. the size and shape of 
aggregates, the soil mixtures used for NIRS analysis were crushed in an agate mortar before 
measurement. The influence of moisture content on the NIR spectra of the soil mixtures was 
also eliminated fay using dry samples. The statistics ofNIRS-PLSR technique for the 
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prediction of organic C, inorganic C, total C, total N, and C:N ratios are summarized in Table 
3. Scatter plots of measured (obtained from standard measurements and calculations) and the 
predicted values from the NIRS analysis are shown in Figure 4. 
Although the sources of C for these soil mixtures are varied, NIRS was able to 
accurately predict levels of soil C. The rs for organic C, inorganic C, and total C are higher 
than 0.97. The RMSECVs for organic C, inorganic C, and total C are 4J20, 1.26, and 4.48 g 
kg"', respectively. The RPDs for organic C, inorgam'c C, and total C are higher than 6.2. The 
high r^, small RMSECV, and large RPD indicate that NIRS can be used to successfully 
estimate soil organic C and inorganic C at the same time. 
The total C: total N ratio of the soil mixtures ranged from 8.1 to 36J2 while the 
orgamc C: total N ratio ranges from 8.1 to 31.7. Although the C ratio for the soil mixtures 
is very diverse, NIRS still could be used to predict total N (r^=0.96, RMSECV=0.18 g kg"', 
RPD=5.2). In addition to soil C and N, NIRS can be used to predict the C:N ratio of the soil 
mixtures. The r^s between the measured and predicted values for the total C: total N and 
organic C: total N ratios are 0.96. The RMSECVs for total C: total N and organic C: total N 
ratios are 1.43 and 1.14, respectively. The RPDs for total C: total N and organic C: total N 
ratios are 4.9 and 5.2, respectively. The results show that NIRS analysis for soil N is not 
based the strong correlation between organic C and N in soils, but rather represents a 
response ofN containing organic fimctional group s to the mcident light, even though 
specific absorption peaks are difticult to assign. 
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Conclusioa 
NIRS is a fast and convenient technique to estimate soil C and N. The rs between 
measured and predicted values of organic C, inorganic C, total C, total N, and C:N ratios are 
higher than 0.96 for the prepared soils. The residts indicate that NIRS can be used to 
quantify C and N for soils with diverse C and N sources and compositions. In addition, the 
results also indicate that NIRS can be used to predict soil N directly. 
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Table 1. Taxonomic classification and some properties of studied soils. 
Soil Total C Morganic C Total N Vegetation Soil Series Classification 
g kg"' 
Soil A 16.2 1.5 Grass Tama Fine-silty, mixed, 
superactive, mesic 
Typic Argidoll 
SoU B 27.2 
SoilC 26.1 
SoilD 492 













Fine-silty over sandy 
or sandy-skeletal, 






Table 2. Statistics for levels of soil C, N, and C:N ratios in the soil mixtures. 
Soil Properties Mean. Standard Deviation Range 
Organic C (g kg*^) ^8.7 26.1 15.4-144.9 
Inorganic C (g kg"^) 5.8 8.4 0.0 - 35.7 
Total C (g kg"') 54.5 29.0 15.4-145.1 
Total N(g kg-') 2.8 0.9 1.5- 5.5 
Total C: total N 19.1 7.1 8.1- 362 
Organic C: total N 17.0 5.9 8.1 - 31.7 
Table 3. Statistics for predicted soil C, N, and ratios obtained using the NIRS-PLSR 
technique. 
Soa Property n F r^ RMSECV RPD 
Organic C (g kg"') 108 7 0.97 4.20 62 
Inorganic C (g kg"') 108 9 0.98 1.26 6.7 
Total C (g kg-') 108 7 0.98 4.48 6.5 
Total N (g kg-') 108 11 0.96 0.18 5.2 
Total C: total N 108 9 0.96 1.43 4.9 
Organic C: total N 108 9 0.96 1.14 5.2 
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Figure I. NIR spectra for pure CaCOs, humic add, and Tama soil mixtures. 
The spectrum of CaCOs is shifted up by 0.1 log (I/R), and others 
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Figure 2. NIR spectra for mixtures of Tama soil and organic materials. 
Four types of composts (CS/PM: com stalk and pig manure; 
PS/M; paper sludge and manure; PMTB: paper milT and bacteria; 
CS: com stalks; HA: humic add) were mixed with Tama soiL 
The spectra were obtained after the mixtures were incubated for 
three days. 
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Figure 3. The influence of wavelength on the correlation between the first 
differentials of reflectance mtensity, m units of log (1/R), and values of 
organic C, morganic C, total C, and total N 
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Figure 4. The relationship between measured and NIRS predicted values of soil C, 
N, and ratios. 
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CHAPTER m: INFLUENCE OF SOIL MOISTURE ON 
NEAR-INFRARED REFLECTANCE SPECTROSCOPIC 
MEASUREMENT OF SOIL PROPERTIES 
A paper to be submitted to Soil Science Society of America Journal 
Cheng-Wen Chang and David A. Laird 
Abstract 
Near-infrared reflectance spectroscopy (NIRS), a nondestructive analytical technique, 
can be used to simultaneously evaluate several soil properties with acceptable accuracy in a 
couple of minutes. However, the strong absorption of near-tnfirared light by soil water may 
affect the accuracy of NIRS predictions. The main objective of this study was to examine the 
influence of moisture on the NIRS analysis for soils. Four htmdred agricultural soil samples 
(<2 mm) from Iowa and Minnesota were studied at two moisture levels: moist and air-dried. 
The soil properties tested included total C and N, organic C and N, CEC, pH, texture, and 
potentially mineralizable N. Calibrations were based on partial least square regression 
(PLRS) using the first differentials of log (1/R) for the 1100-2500 nm spectral range. 
Generally, when soil moisture content increased, the -1400 nm and ~1900 nm absorption 
peaks shifted to longer wavelengths, and the height and width index of these peaks increased. 
Clay and organic C influenced the height of ~1900 nm absorption peak for the unit water 
spectra indicating that interactions between water and the soil matrcc also affected the NIR 
spectra- NIRS was able to predict the measured soil properties with acceptable error for both 
air-dried soils (r^>0.81) and moist soils (r^>0.79) with the exception of potentially 
mineralizable N and silt content. Although NIRS predictions are slightly more accurate for 
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air-dried soils than for moist soils, the results indicate that NIRS can be used for analysis of 
field moist samples with acceptable accuracy. 
Introduction 
Soil testing is an important task for precision farming and soil quality assessment 
The standard procedures for soil testing are complex, expensive, and time-consuming. 
Therefore, simple and convenient soil testing techniques are needed in the laboratory and in 
the field. 
Near-infixed reflectance spectroscopy (NIRS) is a fast, convenient, and 
nondestructive analytical technique for characterization and quantification of chemical and 
physical properties of materials. This technique is widely used in the agricultural and food 
industries as a quality assessment tool (Williams and Norris, 1987). NIRS is also used in the 
pharmaceutical, petrochemical, polymer, textile, and other industries (Wetzel, 1983; Martin, 
1992; McQure, 1994). 
NIRS is the study of interactions between incident light and a material's siirface. 
Near-infi:ared spectra are dominated by weak overtones and combinations of fimdamental 
vibrational bands fi-om the mid-infrared region for H-C, H-N, H-0 bonds (Wetzel, 1983). 
The assignments of absorption peaks in the near-infirared reflectance spectra for organic 
fimctional groups and minerals were summarized by Workman (1996) and Hunt (1989). 
Because of the nature of overtones and combinations, the absorption peaks in this range are 
weak and often overlapping. Diffiise reflectance in the NIR region is also influenced by a 
material's physical structure, such as the size and arrangement of particles. Therefore, NIRS, 
theoretically, may be used for measuring soil properties that are related to soil organic matter. 
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texture, and particle arrangement NIRS has been used to estimate varies soil properties, 
such as soil C and N, moisture, CEC, clay, carbonate, specific surface area, and soil N 
availability (Krishnan et al., 1980; Dalai and Henry, 1986; Morra et al., 1991; Sudduth and 
Hurrmiel, 1993; Ben-Dor and Banin, 1995). 
Many soils have similar NIR. spectra, with a major absorption peak near 1900 nm and 
two small but distinct peaks aroimd 1400 and 2200 nm. The peak around 1400 nm is related 
to the first overtone of 0-H stretching, and the peak around 1900 nm is related to the 
combination of 0-H stretching/HOH deformation, and the second overtone of 0-H bending; 
these two peaks are strongly affected by soil moisture. The peak aroxmd 2200 nm due to a 
combination of metal-OH and 0-H stretching is less affected by soil moisture (Clark et al., 
1990, and references therein). The peaks associated with organic fimctional groups may be 
masked by the strong H2O absorption. Therefore, soil water may affect the ability of NIRS 
to predict soil properties under field moist conditions, and limit field applications ofNIRS 
technology. 
In this study, two groups of soil samples, one with a broad range of texture and one 
with nearly uniform texture but a wide range of organic matter content, were chosen to study 
the influence of water on soil near-infrared reflectance spectra analysis. The overall goal of 
the project is to test the potential application ofNIRS for analysis of field moist soils. The 
specific objectives of this study were (1) to understand how soil water affects near-infiared 
reflectance spectra of soils, and (2) to study the influence of soil moisture on the accinracy of 
NIRS predictions of soil properties. 
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Materials and Methods 
Soil Samples 
Two groups of agricultural soils were chosen to study the influence of soil moisture 
on near-infrared reflectance spectra. The first group of soils was from an agricultural field in 
Story County, lA. The 10 sampling sites that were selected mcluded five soil series: one site 
each for the Canisteo and Nicollet series, two sites for the Harps and Webster series, and four 
sites for the Clarions series. Five soil cores were collected at each site. The average length 
for the soil cores was 78.4 cm, however, the length ranges from 38 to 108 cm. The soil from 
each core was divided into 15 cm increments for a total of277 samples. The second group of 
soils was from the Rosemont NTRM (nitrogen, tillage, and residue management) plots on the 
University of Minnesota Agricultural Experimental Station (Clay et al., 1989). Treatments 
for the NTRM plots included three N application rates (0,100, and 200 kg ha"'), three tillage 
methods (chisel, moldboard, and no till) and three methods of residue management 
(incorporate, surface, and no residue). All of the soils in the NTRM plots are in the 
Waukegan series. Soil samples were collected at three depth intervals (0-5,5-15 and 15-30 
cm), and a total of 123 samples were obtained. Soils in the Iowa group were more diverse in 
texture and other properties while the soils in the Minnesota group differed primarily in 
levels of soil organic matter. The classification of the studied soils and their properties are 
summarized in Table 1 and Table 2, respectively. 
Measurement of Soil Properties 
Several soil properties were measured for both Iowa and Minnesota soils. The 
properties included gravimetric moisture content, total C and N, inorganic and organic C, pH, 
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CEC, particle size distribution^ and potentially mineralizable N. 
Air-dried soils were ground using an agate mortar for total C and N analysis. For 
other soil property measurements, air-dried soils were crushed to pass through a 2 mm sieve. 
Total C and N were detennined by the dry combustion method using a Carlo Erba NA1500 
NSC elemental analyzer (Maake Buchler Instruments. Paterson, NJ). About 40% of the Iowa 
soils contained significant levels of carbonate, and the amount of inorganic C in the Iowa 
samples was measured by the titrimetric method of Bundy and Bremner (1972). For soils 
containing carbonate, the organic C was calculated by subtracting inorganic C from total C. 
For soils without carbonate, the orgam'c C was assxmied to equal total C. Soil pH was 
measured using 1:2.5 soil-CaCli suspensions. Cation exchange capacity for soils without 
carbonate was measured by the pH 7 NKiOAc method (USDA-NRCS, 1996). For soils with 
carbonate, CEC was measinred by quantitative saturation and subsequent displacement of Na 
cations on the exchangeable sites at pH 8.2 according to Polemio and Rhoades (1977). The 
particle size distribution was analyzed for all samples in the Iowa group and 18 
representative soil samples for the Minnesota group (six for each depth interval). Particle 
size distribution was measiired using the pipette method (Walter et al, 1978). Ammonia 
production during an anaerobic incubation at 40°C for 7 days (Keeney, 1982) was used to 
represent the potentiaEy mineralizable N. The potentially mineralizable N was measured for 
all Minnesota soils while samples from only two or three soil cores for each site were tested 
for the Iowa soils. 
NIRS Measurement 
Two reflectance spectra were obtained for each sample, one for moist soil and one for 
air-dried soil. The soils used for NIRS measurements were prepared by crushing and passing 
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the moist soils through a 2-mm sieve. Some soils at the field moist conditioa were too wet to 
be crushed, so these samples were put on a laboratory bench to dry for one or two days 
before sieving. After the reflectance spectra for moist soils were measured, these soils were 
dried at room temperature for several days and then the spectra for air-dried soils were 
measured. 
The spectral reflectance of soil samples in the visible and near-infirared regions was 
measured with a Perstorp NIRSystem 6500 scanning monochromator (Foss NIRSystems, 
Silver Spring, MD). In order to obtain a reflectance spectrum, about 20 g of soil were put 
into a small rectangular sample holder having a quartz window, and the spectral reflectance 
was recorded as the logarithm of the inverse of reflectance [log (1/R)] at 2-nm interval from 
400 to 2498 nm. 
NIRS Predictions 
A partial least square regression (PLSR) technique was used to relate the near-
infirared reflectance spectra to the measured values of soil properties. The NIRS-PLRS 
technique includes four major steps: spectral data pretreatment, calibration set selection, PLS 
and prediction, and prediction ability evaluation. 
The reflectance spectra in the wavelength, range between 1100 and 2498 nm were 
used in the NIR-PLRS technique. The spectral reflectance data, in the units of log (1/R), 
were first reduced by averaging every five adjacent spectral points to produce 140 new data 
points, each representing a 10-ran interval. The averaged spectral data were smoothed using 
a four point moving average, and the first difierentials of the pretreated spectra were used for 
PLSR analysis. 
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Two mdependent databases, moist and air-dried, containing the reflectance spectra 
data and the values of measured soil properties for the 400 soils were established. During the 
prediction procedure for moist (or air-dried) soils, one spectrum was chosen as a test sample 
from the moist (or air-dried) database and 50 samples with similar first differentials spectra 
and available property data were selected as the calibration set from among the other 399 
samples, and then PLSR was used to predict the value of the soil property for the test sample. 
The similarity of two soil spectra was based on the squared Euclidean distance between the 
first differentials spectra. Up to 15 factors were used in PLSR to estimate the predicted 
values of the property for the test sample. The r^, RMSECV (root mean square error of 
cross-validation), and RPD (the ratio of standard deviation to the RMSECV) between the 
predicted and measured values of a property for the entire moist or air-dried group were 
calculated after all samples in the group had been analyzed. The predicted values were based 
on the number of factors used to obtain the smallest RMSECV. 
All calculation programs were performed using MATLAB (The Mathwocks, INC. 
Natick, MA). 
Results and Discussion 
Water Influence on Soil Spectra 
Two NIR spectra, moist and air-dried, were measured for each sample. The moisture 
content ranged between 0.02 and 0.24 kg kg'' for moist soils and between 0.01 and 0.09 kg 
kg"' for air-dried soils. AE soils have similar NIR spectra with three peaks around 1400, 
1900, and 2200 nm. Although the differences in spectra for diSerent soils are due to 
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variations in moisture, mineralogy, soil organic matter, and/or physical properties, soil 
moisture is the most significant factor affecting the features of the NIR spectra. 
NIR spectra of a Nicollet soil (0-15 cm) obtained for two moisture levels and their 
difference spectrum (water spectrum) are illustrated in Figure L As shown in Figure la, soil 
moisture has a strong influence on both the base line and features of the absorption peaks of 
NIR spectra. The base line of the NIR spectra shifts up [larger log (l/R)] as the sofl moisture 
content increases. The absorption peaks around 1400 and 1900 nm are strongly affected by 
moisture content of soil; however, there is little influence on the 2200 mn peak. The height 
and the width of the absorption peaks as well as the wavelength of the maximum absorption 
increase as the soil moisture content increases. These phenomena were observed for both 
-1400 and ~1900 nm absorption peaks of all tested soils (Figure 2). However, systematic 
variations in features of the -1900 nm peaks are more apparent than those of 1400 nm peaks 
because of the strong OH absorption around 1900 nm. The base line, height, width mdex, 
and wavelength of maximum absorption for the -1900 nm peak are defined in Figure lb. 
Because of the asymmetric nature of the absorption peaks, the width index (the left half 
width at half height) was used to represent the broadness of absorption peaks. Values of 
spectral features (peak height, width index, peak wavelength, base line height, and maximum 
absorption of the -1900 nm peak) were strongly correlated (r^0.70) with the moisture 
content for all soils. The correlations indicate that the amount of water has a large influence 
on NIR spectra of soils. 
The NIR spectral variations for a soil at different moisture levels are due to the 
response of water molecules to the incident light. In order to understand the importance of 
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soil matrix by water interaction on the NIR spectral variations, water spectrmn (WS) and unit 
water spectrum (UWS) were calculated for each soil by: 
WS = (moist spectrum of soil) - (air-dried spectrum of soil) 
UWS = WS/(moisture content difference between moist and air-dried soil) 
The water spectra, as the one shown in Figure la, represent the response of soil water to the 
incident light in the visible and near-infrared regions. If the amount of water is the only 
factor responsible for spectral variation and the "type" of water molecules is irrelevant, then 
the unit water spectra should be similar for all soils. 
Although values of base line height, maximum absorption, and height of~l900 nm 
peaks for the water spectra were related to the water content difference (between moist and 
air-dried soils), the correlations (r^<0.62) were not as strong as those for the raw spectra of 
the moist and air-dried soils. In addition, the height of the -1900 nm peak for UWS varied 
from 1 to 6 log (1/R). These findings suggested that water abundance was not the only factor 
to control the variations of NIR spectra for a soil at different moisture levels. 
Unit water spectra were used to study the influence of interactions between water and 
the soil matrix on the response of soil water to incident light. As shown in Figure 3, the 
height of the absorption peak at 1900 mn for the UWS is correlated with clay and organic C 
content. Generally, for Iowa soils, the height of absorption peaks in the unit water spectra 
decreased when the clay content increased (Figure 3a). Organic C had a similar but less 
significant influence for the Iowa soils (Figure 3b). The Minnesota soils had a very smafT 
variation in their clay content (20-24%) and narrow range of organic C (16-45 g kg*'). As a 
consequence, the variation for the height of 1900 nm peak for the UWS was relatively «nnan 
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[mostly between I and 2 log (1/R)]. However, the height was still affected by the organic C 
content (Figure 3c). 
The spectral variations for a soil at different moisture levels are affected by the 
amount of water and the interactions between the water and soil matrix (clay and organic 
matter). Water molecules in the studied soils can be roughly separated in to two groups: 
"tightly bonded" and "loosely bonded" water. The "tightly bonded" water represents the first 
one or two layers of water molecules held on surfaces of organic matter and minerals, and 
"loosely bonded" water represents outer layers of water molecules. 
When a soil is air-dried, only one or two layers of water molecules will be present on 
the surfaces. These water molecules with low potential energy are ordered by the surface. 
By contrast, water molecules present in moist soils are more diverse in their location and 
potential energy. Sharp absorption peaks usually indicate that the water molecules are 
located in well-defined, highly ordered sites. While broad absorption peaks indicate that the 
water molecules are less ordered and/or more than one type of site is occupied (Hunt and 
Salisbury, 1970; Clark, R.N. 1981). Consistent with this interpretation, the -1400 nm and 
-1900 nm absorption peaks are sharper and smaller for the air-dried soils than for the moist 
soils. 
The ratio of water molecules with high and low potential energy ("loosely bonded" 
and "tightly bonded" water) in soils is strongly affected by properties of the soil matrix. For 
soils with the same moisture content, more water molectiles are tightly bonded as the clay 
content increases. Organic matter has a similar but less apparent influence. Furthermore, 
more hycfcogen bonds between water molecules are formed m loosely bonded water than 
tightly bonded water, and the formation of hydrogen bonds tends to shift the wavelength of 
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maximum absorption to longer wavelengths. Hence, the response of soil water to light is 
affected by the "type" of the water molecules, and the unit water spectra are affected by the 
properties of the soil matrix. 
Water Inflaence on NIRS Prediction 
The number of factors used in PLRS and the number of samples selected for the 
calibration set affected the prediction results, and an example of their influences are shown in 
Figure 4 for the prediction of CEC for the air-dried soils. As Figure 4 shows, the r^ increase 
and RMSECV (based on 50 samples in the calibration set) decrease as the number of factors 
increases to nine but these trends reverse as the number of factors increases above nine. 
Therefore, the predicted values of CEC for air-dried soils were based on the results from nine 
factors used in PLSR. Generally, fewer samples used in calibration stage means less 
computing time needed for calculation, but over-fitting may be a problem. On the other 
hand, when more samples are used in the calibration set more computing time is needed, and 
the analysis may not yield better predictions. As shown in Figure 4b, there are no large 
differences m the accuracy of the predictions when 40 to 80 samples are used in the 
calibration set. Similar results were observed in NIR predictions for other soil properties. 
Therefore, 50 samples with similar first differentials spectra were selected for the calibration 
sets. 
Table 3 summaries the ability of NIRS to predict soil moisture, total C and N, organic 
and inorganic C, particle size distribution, CEC, pH, and potentially mineralizable N. The n 
is the number of soils tested for the given property; F is the mmiber of factors used in PLS; 
r^, slope and intercept are based on the regression line between the measured (from standard 
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procedures) and predicted (from NIRS-PLSR) values; RMSECV is the standard error of 
prediction between the measured and predicted values; RPD equals to the standard deviation 
of measured values divided by RMSECV. Scatter plots of measured versus predicted values 
for the test soil properties for both air-dried and moist samples are shown in Figure 5. 
In general, the ability of NIRS to predict soil moisture, total C and N, organic C and 
inorganic C, CEC and pH were good for both air-dried (r^>0.89; RPD>3.1) and moist soils 
(jr>0.S6; RPD>2.65). Although the accuracy of the predictions was better for the air-dried 
soils (higher r and RPD) than for the moist soils (lower r^ and RPD), the differences were 
minimal. The predictions for sand and clay content were more accurate than those for silt 
content for both air-dried and moist Iowa soils. Like other properties, the NIRS predictions 
of soil texture were better for the air-dried soils (sand, r=0.86, RPD=2.58; silt, r^=0.73, 
RPD=1.9l; clay, r=0.81, RPD=2.26) than for the moist soils (sand, r=0.80, RPD=2.I5; silt, 
r=0.63, RPD=1.59; clay, r=0.79, RPD=2.15). The r^s between the measured and predicted 
values for potentially mineralizable N were 0.75 and 0.61 for air-dried and moist soils, 
respectively. The prediction results of potentially mineralizable N were not as accurate as 
expected, and the soil moisture had a significant influence on the accuracy of NIRS 
predictions. 
Error analyses revealed no significant correlations between the residuals (predicted-
meastnred values) for the soil properties and soil moistures content. In addition, there were 
no significant correlations between the residuals and the measured values. The only apparent 
correlations found were between the residuals of total C, total N and organic C. Therefore, 
beside soil C and N, the errors obtained for NIRS prediction were randomly distributed. 
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Conclusions 
Soil near-infrared reflectance spectra in the 1100 and 2500 nm range are strongly 
affected by soil moisture content. In addition to a base line shift to larger log (1/R), when 
moisture content increases, the -1400 mn and -1900 nm peaks shift to longer wavelengths 
and both peak heights and peak uidths increase as moisture content increases. The height of 
-1900 mn absorption peak for the unit water spectra is negatively correlated with clay and 
organic C content. This observation suggests that the interactions between water and the soil 
matrix affect the response of water to incident light in the near-infrared region. 
The ability of NIRS to predict soil C and N, moisture, CEC, pH, sand, and clay are 
good for both air-dried (r^>0.81) and moist soils (r^O.79). The predicted results for silt 
content and potentially mineralizable N were less accurate (air-dried, r^O.73; moist, r^0.61) 
than for other soil properties. Although NIRS analyses of soil properties are more accurate 
for air-dried soils than for moist soils, the minimal differences between the prediction results 
and the lack of significant correlations between the error terms and moisture content indicate 
that NIRS can be used for analysis of field moist samples. 
Reference 
Ben-Dor, E. and A. Banin. 1995. Near infrared analysis as a rapid method to simultaneously 
evaluate several soil properties. Soil Sci. Soc. Am. J. 59:364-372. 
Btmdy, L.G. and J.M. Bremner. 1972. A simple titrimetric method for determination of 
inorganic carbon in soils. Soil Sci. Soc. Am. J. 36:273-275. 
Qark, R.N. 1981. The spectral reflectance of water-mineral mixture at low tempCTatures. J. 
Geophys. Res. 86:3074-3086. 
46 
Clark, ILN., T.V.V. King, M. Klejwa, and GA. Swayze. 1990. High spectral resolution 
reflectance spectroscopy of minerals. J. Geophys. Res. 95:12653-12680. 
Gay, D-E., CJE. Clapp, DJR„ Linden, and JA.E. Molina. 1989. Nitrogen-tillage-residue 
management: 3. Observed and simulated interactions among soil depth, nitrogen 
mineralization, and com yield. Soil Sci. 147:319:325. 
Dalai, R.C., and RJ. Henry. 1986. Simultaneous determination of moisture, organic carbon, 
and total nitrogen by near infrared reflectance. Soil Sci. Soc. Am. J. 50:120-123. 
Hunt, G.R. 1989. Section DC: Spectroscopic properties of rocks and minerals, p597-669. 
In R.S. Cannichael (ed.) CRC Practical handbook of physical properties of rocks and 
minerals. CRC press, Florida-
Hunt, G.R. and J.W. Salisbury. 1970. Visible and near-infrared spectra of minerals and rocks, 
I, Silicate minerals. Mod. Geol. 1:283-300. 
Keeney, D. 1982. Nitrogen-availability indices, p. 711-733. In A. Page et al. (ed.) Methods of 
soil analysis. Part 2. Chemical and microbiological properties. 2nd Ed. ASA, SSSA, 
CSSA, Madison, WI. 
ECrishnan, R., J.D. Alexander, B.J. Butler, and J.W. Hummel. 1980. Reflectance techm'que for 
predicting soil organic matter. Soil Sci. Soc. Am. J. 44:1282-1285. 
Martin, KA. 1992. Recent Advances in near-infrared reflectance spectroscopy. Appl. Spec. 
Rev. 27:325-383. 
McCHure, W.F. 1994. Near-infrared spectroscopy: The giant is ruiming strong. Anal. Chem. 
66:43A-53A. 
47 
Morra, M.J., M.H. Hall, and LX. Freeborn. 199L Carbon and nitrogen analysis of soil 
fractions using near-infrared reflectance spectroscopy. Soil Sci. Soc. Am. J. 55:288-
291. 
Poiemio, M., and J.D. Rhoades. 1977. Determining cation exchange capacity: A new 
procedure for calcareous and ^^siferous soils. SoU Sci. Soc. Am. J. 41:524-528. 
Sudduth, KjV., and J.W. Hummel. 1993. Soil organic matter, CEC, and moisture sensing 
with a portable NIR spectrophotometer. Trans. ASAE. 36:1571-1582. 
Walter, NJ^., G.R. Hallberg, and T.E. Fenton. 1978. Particle size analysis by Iowa State 
University Soil Survey Laboratory, p. 61-90. In G.R. Hallberg (ed.) Standard 
procedures for evaluation of quatemary materials in Iowa. Iowa GeoL Survey Tech. 
Info. Series #8. 
Wetzel, Di. 1983. Near-infrared reflectance analysis: Sleeper among spectroscopic 
techniques. Anal. Chem. 55:1165A-1176A. 
Williams, P., and K. Norris. 1987. Near-irtfrared technology in the agricultural and food 
industries. American association of cereal chemists, Minnesota. 
Workman, J J. Jr. 1996. Interpretive spectroscopy for near infrared. Appl. Spec. Rev. 
31:251-320. 
USD A, Natural Resources Conservation Service. 1996. Soil Survey Laboratory Methods 
Manual. Soil Survey Mvestigations Rep. 42, Ver. 3.0. National Soil Survey Center, 
Lincohi, NE. 
48 
Table 1. Taxonomic classificatioa of studied soils. 







Fine-loamy, mixed, superactive, calcareous, mesic Typic Endoaquall 
Fine-loamy, mixed, superactive, mesic Typic HapIudoII 
Fine-loamy, mixed, superactive, mesic Typic CaldaquoU 
Fine-loamy, mixed, superactive, mesic Aquic HapuIdoU 
Fine-loamy, mixed, superactive, mesic Typic EndoaquoE 
Minnesota 
Waukegan Fine-silty over sandy or sandy-skeletal, mixed mesic Typic HapIudoII 
49 







Iowa Total C(g kg') 19.0 10.6 L9 - 44.0 
Total N(g kg') 1.2 0.8 0.0 - 3.0 
Inorganic C (g kg"')^ 4.8 8.4 0.0 - 29.6 
Organic C (g kg"') 15.2 10.2 0.0 - 40.8 
Sand (%) 36.2 12.1 6.7 - 60.7 
Silt (%) 37.7 7.4 20.9 - 71.6 
aay(%) 26.1 7.3 3.8 - 43.8 
pH 6.7 0.9 4.5 - 8.5 
CEC (cmolc kg"')^ 23.8 8.5 6.3 - 39.6 
MineraUzable N (mg kg"') 56.5 43.3 2.7 -212.8 
Minnesota Total C (g kg"') 24.4 4.3 16.2 - 44.7 
Total N (g kg"') 2.1 0.4 1.4 - 4.0 
Sand (%)^ 15.0 2.5 11.2 - 20.1 
sat (%)^ 63.1 2.0 59.3 - 66.0 
Clay(%)^ 21.8 0.9 20.4 - 23.4 
pH 5.8 0.5 3.7 - 6.7 
CEC (cmolc kg"') 20.9 1.4 17.8 - 24.6 
Mineralizable N (mg kg*') 41.1 27.5 4.9 -190.4 
^ Statistical analysis is based on soils with inorganic OO. I g kg*' only. 
^ Two methods were used to measure QEC. one for soils containing carbonate and one for soils 
without carbonate. The data represent the values ftxim both methods. 
^ Eighteen samples for the Minnesota soils (six from each depth interval) were used to measure the 
particle size distribution. 
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Table 3. Statistics for the relationship between measured and predicted (NIRS-PLSR) 
soil properties. 
Soil Property^ n F r^ RMSECV RPD 
— Air-dried soils -
Moisture 399 7 0.90 0.39 3.14 
Total N 369 4 0.94 0.21 3.95 
Total C 370 6 0.89 2.93 3.07 
Inorganic C 117 11 0.98 1.26 7.72 
Organic C 368 4 0.92 2.78 3.47 
Sand 274 12 0.86 4.69 2.58 
SUt 274 7 0.73 3.85 1.91 
Clay 274 9 0.81 3.22 2.26 
pH 391 9 0.90 0.30 3.10 
CEC 384 9 0.90 2.30 3.10 
Mineralizable N 241 8 0.75 18.63 2.01 
Moist soils 
Moisture 400 11 0.94 1.29 4.11 
Total N 369 5 0.92 0.23 3.61 
Total C 370 6 0.88 3.18 2.85 
Inorganic C 117 10 0.97 1.71 5.69 
Organic C 368 6 0.91 2.89 3.34 
Sand 274 12 0.80 5.63 2-15 
Sflt 274 10 0.63 4.63 1.59 
Clay 274 8 0.79 338 2.15 
pH 391 11 0-88 0.32 2.91 
CEC 384 9 0.86 2.69 2-65 
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F^ure 1. (a) NIR spectra of a Nicollet soil obtained for two moisture levels: 
air-dried (d) and moist (m). (b) De&itioiL of peak height, width 
ind^ peak wavelength, and base line. 
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CHAPTER IV. INTERACTIONS BETWEEN NEAR-INFRARED 
LIGHT, SOIL WATER, AND THE SOIL MATRIX 
A paper to be submitted to Soil Science 
Cheng-Wen Chang and David Laird 
Abstract 
The most important factor controlling the features of near-infrared reflectance (MIR) 
spectra for a given soil is the soil moisture content. The response of soil water to incident 
light was studied at eight moisture levels mcluding oven-dried soils, soils equilibrated at 
different five levels of relative humidity (RH=~0,32.3, 55, 72.6, and 98%), and soils with 
two high moisture levels. The unit water spectra (UWS) indicate that the NIR response to 
soil water is affected by the strength of the interactions between the water and soil matrix and 
by the clay mineralogy of the soils. For each sample, several features of the -1900 nm peaks 
in UWS vary with moisture level. The peak height and width index tend to increase and the 
absorption peak tends to shift to longer wavelength as the moisture increases. However, 
these diSerences are less significant when moisture levels are higher than RH=55%. The 
correlation coefiBcients between the height of ~1900 nm peaks of UWS at low moisture 
content and soil matrix indicates that mteractions between water and soil mineral particles 
(texture) are stronger than those with soil organic matter. 
Introduction 
Near-infrared reflectance spectroscopy (NIRS) is the study of interactions between 
incident light and the properties of a material's surface. Near-infrared spectra are dominated 
by weak overtones and combinations of fundamental vibrational modes for H-0, H-N, and 
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H-0 bonds from the mid-infrared region (Wetzel, 1983). The vibrational modes related to 
various inorganic groups, such as CO3'*, NO3*, NH4^, SO^"', and PO4"'", may also be assigned 
in this region (Williams and Norris, 1987). 
Soil minerals, organic matter, and water are the major components of soil, and their 
compositions and'or properties influence soil chemical, physical, and biological properties. 
NIR spectra for soils with high organic matter and extracted organic matter show unique 
spectral features (Stoner and Baimigardner, 1981; Henderson et al., 1992). Although NIR 
spectra are dominated by vibrational modes of organic fimctional groups, the assignment of 
the absorption peaks related to soil organic matter are difficult due to its complicated 
chemistry and the overlapping nature of NIR peaks. Identification of soil minerals by NIRS 
profoundly depends on the interactions between water molectiles and minerals and the nature 
of metal-OH groups (Clark et al., 1990); however, the NIR features related to soil minerals 
may be masked by the strong absorption of NIR light by dark colored organic matter. 
Spectral features of NIR spectra for a given soil are controlled by the moisture 
content and the physical properties (such as the size and arrangement of aggregates). 
Variation in physical properties tends affect the base line of NIR spectra while variation in 
moisture content tends to affect both the base line and the shape of absorption peaks, 
especially the peaks around 1400 and 1900 mn (Wetzel, 1983; Bowers and Hanks, 1965; 
Krishnan et al., 1980). Based on the NIRS smdy of400 Iowa and Minnesota soils (Chapter 
ni), the response of water to incident light is not only affected by the abundance of soil water 
but also by interactions between water and the soil matrix. The height of ~1900 nm peak in 
the unit water spectra (UWS) and clay content showed a significantly negative correlation. A 
similar but less significant relation was found between peak height and organic matter 
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content. However, NIR spectra were studied only at two arbitrary moisture levels (moist and 
air-dried), and detail interactions between water and soil surfaces were not investigated in 
Chapter IE. Therefore, a more systematic approach was used in this study. NIR spectra of 
nine soils (representing nine soil series from three soil order) were studied at eight different 
moisture levels; oven-dried, Sve 5xed metric potentials (five levels of relative humidity) and 
two arbitrary low metric potential levels (high moisture levels). The objective of this study 
was to quantify the influence of soil matrix properties on the response of incident light in the 
near-infrared region to soil water. 
Materials and Methods 
Soils 
Three Mollisols, one Alfisol, and one Ultisol were selected to study the interactions 
between near-infrared light, sofl moisture, and the soil matrix. Waukegan silt loam (fine-silfy 
over sandy or sandy-skeletal, mixed mesic Typic Hapludoll), Weld silt loam (fine, smectitic, 
mesic Aridic ArgiiistoUs), and Palouse silt loam (fine-silty, mixed, superactive, mesic Pachic 
Haploxerolls) were collected from sites near Rosemont, MN, Akron, CO, and Pullman, WA, 
respectively. Miami silt loam (fine-loamy, mixed, active, mesic Oxyaquic Hapludalfe) was 
collected from a site near West Lafayette, IN while Cecil sandy loam (Fine, BCaolinitic, 
thermic Typic Kanhapludults) was from a site in Oconee County, GA. Except for the 
Waukegan silt loam, both surface (A horizon) and subsurface (B horizon) soil samples from 
each soil series were investigated. Codes and basic information for the nine studied soils are 
summarized in Table L 
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Measurements 
Air-dried soils were crushed to pass through a 2-mm sieve for the various property 
and NIRS analyses. Portions of the sieved soils were ground in an agate mortar, and total C 
and N were determined by dry combustion using a Carlo Erba NA 1500NSC elemental 
analyzer (Maake Buchler Instruments, Paterson, NJ). Inorganic C was determined by the 
titrimetric method of Bundy and Bremner (1972). Organic C was calculated by subtracting 
inorganic C from total C. The particle size distribution was measured using the pipette 
method (Walter et al., 1978). 
Moisture Adjustment 
NIR spectra of each soil were obtained for eight different levels of moisture; 
including samples that were oven-dried, equilibrated with five different levels of relative 
hmnidity, and equilibrated at two high moisture levels. For the oven-dried (OD) treatment, 
around 20 g of sieved (<2 mm) soil were heated in an oven at 105®C for 20 hours before the 
NIR analysis. In order to obtain soils with relative himiidity (RH) close to zero, weighing 
pans containing ~20 g soil of each sample were put into a desiccator above drierite (CaS04). 
Soil samples were also equilibrated with the atmosphere above saturated solutions of LiCl, 
CaCl2» NH+Cl, and CUSO4, which produce constant relative humidities of32.3,55,72.6, and 
98%, respectively. The soils were equilibrated with drierite or saturated solutions for four to 
five weeks before NIR analysis. Two high moisture levels (M-1 and M-2) for each soil were 
obtained by adding and mixing arbitrary amounts of Milli-Q water with —20 g soils around a 
week before NIR analysis. The wetted soils were air-dried for one or two days before sieved 
(<2 mm). The gravimetric moisture content of all samples was measured immediately after 
the NIR analysis. 
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NIRS Measurement 
The spectral reflectance of soil samples for the visible and near-infrared regions was 
measured with a Perstorp NIRSystem 6500 scanning monochromator (Foss NIRSystems, 
Silver Spring, MD). In order to obtain a reflectance spectrum, about 20 g of soil were put 
into a small rectangular sample holder having a quartz window, and the spectral reflectance, 
averaged from 25 spectra, was recorded as the logarithm of the inverse of reflectance [log 
(1/R)1. Spectral reflectance was measured at 2-nm intervals from 400 to 2498 nm. NIR 
spectra for soil with, high moisture levels (M-1 and M-2) were based on single scan while 
those for samples with low moisture content (oven-dried and RH < 98%) were obtained by 
averaging two independent scans. 
Results and Oiscussioa 
NIR Spectra of Soils 
Reflectance spectra of oven-dried soils in the 400 and 2500 mn region are shown m 
Figinre L Except GA-l and GA-2, all soOs have similar NIR spectra, which include a strong 
absorption peak in the visible region, three distinct absorption peaks near 1400, 1900, and 
2200 nm, and small absorption peaks between 2250 and 2500 nm. Although the soils were 
oven-dried before the NIR measurements, absorption peaks around 1400 and 1900 nm 
indicated that some residual water remained in the samples. Base lines, measured near the 
1900 imi peak, for surface soils are usuaEy higher than those of subsurface soils. Because 
oven-dried soils were used and the physical structure are similar for both the surface and 
subsurface samples, the base line shift is mostly due to differences in organic matter content 
and mineral©^. Generally, dark soils with high levels of organic matter absorb more light 
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than light colored soils with low organic matter; therefore, the log (1/R) for base lines of the 
surface soils is usually higher than that of subsurface soils. For example, the organic C 
content of CO-l and CO-2 are 17.6 and 3.4 kg kg"', respectively, and the base line of CO-l 
near 1900 nm is higher than the CO-2 base line fay about O.l log (l/R). 
The Mollisols and Alfisols all have mixed, clay mineralogy, by contrast the Cecil soils 
GA-l and GA-2 (Ultisols) are dominated by kaolinite and iron oxides. The distinct features 
m. NIR spectra of the Cecil soils near 1400 nm are due to overtones of OH stretching and the 
~2200 mn peaks are due to combinations of the Al-OH bending and. OH stretching. Pure 
kaolinite has very low absorption between 400 and 1100 nm, so the strong absorptions in this 
region are due to iron oxides. The absorption peaks near 900 run are due to hematite and/or 
geothite (Himt, 1989). 
NIR Spectra for Moist Soils 
Liquid water molecules have three mid-IR active vibration modes: symmetric OH 
stretching (vi, 3106rmi), H-O-H bending (vi, 6079 nm), and asymmetric OH stretching (V3, 
2903 nm). The near-IR absorptions for water are due to overtones and combinations of the 
fundamental modes, including absorption bands near ~1875 run (v2+ vj), ~1454 rmi (2V2+V3), 
-1379 nm (vi+ v3), ~1135 nm (vi4- V2+ v3), and 942 nm (2V1+V3). Hydro^qrl groups are found 
in soil organic matter and some minerals. Hydroxyl groups have only one vibration mode 
(vqh) around 2780 nm (exact position depends on the surrounding atoms), and the first and 
second overtones are near 1400 and 950 nm. A —1900 rmi peak indicates the presence of 
water molecules in the sample. Hydroxyl groups linked to metals have absorptions around 
2200 to 2300 nm, and the location is influenced, by the metal mvolved. For ecample, the 
absorption peaks of AI-OH and Mg-OH generally occur near 2200 and 2300 nm. 
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respectively. Therefore, the exact location of the -2200 nm peak could be diagnostic for 
some minerals. 
Soil moisture has a strong influence on the base line and peak features (height, 
location, and width) in NIR spectra of soils. Figures 2 and 3 show the influence of water on 
the spectra of the Weld silt loam and the Cecil sandy loam surface and subsurface soils. The 
base line of spectra for a soil usually shifts to higher log (I/R) as moisture content increases. 
In order to emphasize the variation of spectral features, the spectra shown in Figures 2 and 3 
have base lines corrected to log (l/R)=0 at 1300 nm. Generally, the height and width of 
—1400 and -1900 nm absorption peaks increase as the moisture content increases. The 
location of these peaks also shifts to longer wavelength. The variation in the spectral features 
of-1400 and -1900 nm peaks change systematically with water content On the contrary, 
the -2200 nm peaks for both Weld and Cecil soils are almost unaffected by soil moisture. 
hi order to understand how soil water spectra vary with moisture content, the water 
spectrum (WS) of the Weld and Cecil soils at different moisture levels are shown in Figures 
4 and 5, respectively. The WS were obtained by subtracting spectra for oven-dried samples 
from the spectra for the moist samples (RH-0, RH=32.3,55,72.6,98%, and two high 
moisture levels). The spectra used were base line corrected to log (I/R)=0 at 1300 nm before 
subtracting the base line corrected spectra of the oven-dried soil. Although Weld and Cecil 
soils have different spectra in the 1300 and 2500 nm range, the water spectra in this range are 
quite similar. The —1400 and -1900 nm absorption peaks in the water spectra broaden and 
shift to longer wavelengths as moisture content increases. The absorption peaks between 
2100 and 2500 nm related to Al-OH absorption (Figure 3) are not apparent in the water 
spectra of the Cecil soils (Figure 5). The absorptions near 2200 rmi observed in the spectra 
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for the Weld soils (Figure 2) are less apparent in the water spectra (Figure 4) of the Weld 
soils. 
Theoretically, vibrational modes related to molecular water and/or hydroxyl groups 
absorb near-IR near 1400 mn. At least two peaks are found in the NIR spectra for Cecil 
soils: a sharp one at shorter wavelengths (-1400 mn) and a broad one at longer wavelengths 
(~1460 mn). The broad peaks are more apparent when moisture content increases. The 
absence of peaks at shorter wavelengths in the corresponding water spectra (Figure 5) 
indicates that the sharp peak at shorter wavelengths is related to hydroxyl groups in the 
mineral matrix while the broad peak is related to molecular water. 
Interactions between Water and the Soil Matrix 
NIR spectra for each soil were analyzed at eight moisture levels: oven-dried (OD), 
five fixed relative humidities, and two high moisture levels. Soil water in different samples 
has the same matric potential when the samples are equilibrated at the same relative 
humidity. The matric potentials for RH=32 J, 55,72.6, and 98% are equal to -470, -81, -43, 
and -2.7 MPa, respectively. Therefore, the water response to incident near-IR light can be 
studied for the same energy basis using spectra obtained fi'om soils equilibrated at the same 
RH levels. The difiference in potential ener^ of water molecules indicates the strength of the 
interactions between water molecules and the soil matrix. The two samples equilibrated with 
high moisture levels were used to study the water molecules which are not strongly interacted 
with the soil matrix. 
Figure 6 shows that the water adsorption curves for all tested samples have a similar 
pattern, except those for GA-I and GA.-2. The large change of water content for GA-2 in the 
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RH range between 72 and 98% is due to surface of iron oxides. The difference in these 
curves indicates that the studied samples have very different soil matrix properties. 
Unit water spectra in this study were calculated by subtracting the spectrum for the 
next drier sample from a moist soil spectrum and then dividing by the difference in moisture 
content between these two samples. For example, UWS of RH98-RH72.6 = (SpectrumRiigg-
SpectrumRH7Z6y(0RH98-0R7X6)- The spectral features of the —1900 mn peak of the UWS were 
selected as an index of water response to the incident light (Figure 7). The X-axis in Figure 7 
does not have strict mathematical meaning, but it may be considered as an index of the 
location or energy level of water molecules. For example, water molecules in the RHO-OD 
range can be considered the first layer water molecules strongly bonded on the particle 
surface and the water molecules in the RH98-RH73 range are in the second or third layers of 
water molecules. The UWS for M2-M1 can be considered as the spectra of the outer layers 
of water which are loosely held on the surface. 
Except soil CO-2 at the highest moisture interval (M2-M1), similar patterns of 
variation were found for the -1900 nm peak of the UWS for all soils at all moisture mtervals. 
The apparent error in the UWS for CO-2 at M2-M1 occurred because these NIR spectra were 
obtained at similar moisture levels, which may emphasize the instrumental variations and/or 
error in water content measurements. Generally, for each soil the UWS in the RHO-OD 
(oven-dried) range has the largest height and smallest peak width index for the -1900 nm 
peak, and the height and width index (the left half width at half height) tends to decrease for 
UWS determined for higher moisture levels. The peak location for the —1900 mn peak in the 
UWS also shifts to longer wavelengths as the moisture increases. The spectral variations 
tend to cease at higher moisture intervals. If the response of incident light is related to the 
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amount of water not the interactions between the soil water and the matrix, then the UWS at 
different moisture levels should be the same. However, as Figure 7a shows, the height of 
UWS for each soil is different at different moisture intervals. Therefore, the amount of water 
is not the only factor that affects unit water spectra. 
For each moisture inter/al smaller than RH98, the height of 1900 nm peak of the 
UWS is strongly correlated with sand (r>0.78, P<0.014) and silt content (r>-0.71, P<0.03). 
The correlation between peak height and clay content in the RHO-OD range is significant 
(t=-73, p=0.04) if GA-2 is excluded. The correlations between peak height and soil organic 
C and total N content are not significant (r—0.5) even when the GA-2 is excluded. The 
results show that interactions between water and mineral particles have a stronger influence 
on the height of the -1900 nm UWS peak than interactions between water and organic 
matter. 
The absorption peaks for water can be sharp or broad depending on where the water 
molecules are located. In their study of visible and near-ER reflectance spectra of rocks and 
minerals. Hunt and Salisbury (1970) concluded that the absorption peaks are relatively sharp 
when the water molecules are located in well-defined and highly ordered sites and the 
absorption peaks are broad when the sites are not ordered and/or more than one type of site is 
occupied. This phenomenon may explain why both peak location and peak width are 
affected by soil moisture (Figure 7b and 7c). The wavelengths of maximum absorption for 
the -1900 mn UWS peaks (location) for each sofl tends to shift to longer wavelengths as the 
moisture interval moves to higher levels of RH and hence representing more loosely bonded 
water. No apparent differences in peak location were observed for RH intervals beyond 
EIH73-RH55, except for sample CO-2. The shift in peak location may be due to the increased 
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dominance of H-bonding between water molecules at higher moisture levels. The width 
index of the ~1900 nm UWS peaks exhibit a similar trend. This may indicate that the tightly 
bonded water molecules in the RHO-OD range occupy fewer and/or more similar sites (more 
ordered) than the loosed bonded water in the higher RH ranges. The results indicated that the 
potential energy of water molecules in soils affects their response of incident light. However, 
the water molecules with same potential energy in different soils do not necessarily have the 
same responses to incident light, and their responses depend on the properties of inorganic 
soil particles and/or organic matter. 
Conclusions 
Water, organic matter, and. nmeralogy are the major soil components affecting the 
MIR spectra of soils. For each soil, the spectral features of UWS determined for low 
moisture levels are different from these obtained for high moisture levels; however, these 
variations are not significant when moisture levels are higher than RH=55%. The correlation 
coefBcients between the height of the —1900 nm peaks ofUWS and soil matrix properties 
indicate that the interactions between water and soil texture are stronger than those with soil 
organic matter content. In addition, clay mineralo^ also has strong influence on the 
response of soil water to incident light. 
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Table 1. Codes and basic infonnation of tested soils. 
Soil Soil Depth Soil Organic C Inorganic C Total N Sand Silt Clay 
Code Series (cm) horizon (g kg*') (g kg"') (g kg'') (%) (%) (%) 
MN-l Waukegan 0-5 Ap 29.1 - 2.5 12.9 64.0 23.1 
CO-l Weld O-IO Ap 17.6 0.1 1.2 44.4 39.1 16.5 
CO-2 Weld >60 Bk2 3.4 9.8 0.3 42.5 40.1 17.4 
GA-1 Cecil 0-5 Api 6.0 O.l 0.5 67.0 16.9 16.1 
GA-2 Cecil 32-72 Bti 1.7 0.1 - 31.6 17.2 51.2 
IN-1 Miami 0-23 Ap 14.9 - 1.4 7.0 66.4 26.6 
IN-2 Miami 68-91 Ba 2.9 - 0.4 12.9 61.4 25.7 
WA-1 Palouse 0-31 Ap 22.0 - 1.6 21.0 56.2 22.8 
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Figure 2. MIR spectra for surface and subsurface samples of the Weld soils 
(MoflisoO- a: oven-dried (OD); b-f: RH=--0,32.3, 55, 72.6,98%; g-h: high 
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CHAPTER V. NEAR-E>JFRARED REFLECTANCE SPECTROSCOPY-
PRINCIPAL COMPONENT REGRESSION ANALYSES 
OF SOIL PROPERTIES 
A paper to be submitted to Soil Science Society of America Journal 
Cheng-Wen Chang, David A. Laird, Maurice J. Mausbach, and Charles R. Hurburgh, Jr. 
Abstract 
A fast and convenient soil analytical technique is needed for soil quality assessment 
and precision soil management. The main objective of this study was to evaluate the ability 
of Near-Enfrared Reflectance Spectroscopy (NIRS) to predict diverse soil properties. Near-
infrared reflectance spectra, obtained from a Perstrop NIRSystems 6500 scaiming 
monochromator, and 33 chemical, physical, and biological properties were studied for 802 
soil samples collected from four Major Land Resource Areas (MLRAs). Calibrations were 
based on principal component regression (PCR) using the first differentials of log (1/R) for 
the 1300-2500 nm spectral range. Total C, total N, moisture, CEC, 1.5 MPa water, basal 
respiration rate, sand, silt, and Mehlich IH extractable Ca were successfully predicted by 
NIRS (r^O.80). Some Mehlich HI extractable metals (Fe, K, Mg, Mn) and exchangeable 
cations (Ca, Mg, and K), stmi of exchangeable bases, exchangeable acidity, clay, potentially 
mineralizable N, total respiration rate, biomass C, and pH were also estimated by NIRS but 
with less accuracy (r^=0.80-0.50). The predicted results for aggregation (wt%>2,1,0.5,0.25 
mm, and macroaggregation) were not reliable (r^=0.46-0.60). Mehlich III extractable Cu, P, 
and Zn, exchangeable Na could not be predicted using the NIRS-PCR technique (r^<0.50). 
The restilts indicate that NIRS can be used as a rapid analytical technique to smultaneously 
estimate several soil properties with acceptable accuracy in a very short time. 
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Introduction 
Standard procedures for measuring soil properties are complex, time-consuming, and 
expensive. A rapid and economical soil analytical technique is needed before farmers and 
land managers will be able to fiilly utilize soil testing as an aid in precision farming and both, 
assessment and management of soil quality. 
Near-infrared reflectance spectroscopy (NIRS) is a nondestructive analytical 
technique for studying interactions between incident light and a material's surface. NIRS is 
widely used in industry due to its simplicity, rapidness, and the need for little or no sample 
preparation. The technique was first developed over three decades ago for rapid moisture 
analysis of grain (Ben-Gera and Norris, 1968). Now NIRS is the dominant analytical 
technique used for grain and forage quality assessments. NIRS is also used as an 
identification and/or characterization techm'que in the polymer, pharmaceutical, 
petrochemical, and other mdustries (Wetzel, 1983; Greaser and Davies, 1988a; Murray and 
Cowe, 1992; Workman, 1996). 
Near-infirared spectra are dominated by weak overtones and combinations of 
fimdamental vibrational bands for H-C, H-N, and H-0 bonds from the mid-infrared region, 
hi addition to the chemistry of a material, near-infrared spectra are also influenced by the 
physical structure of a material. The size and shape of the particles, the voids between 
particles, and the arrangement of particles affect the length of the light transmission passing 
through a sample and thereby influence reflectance (Wetzel, 1983). Near-infi:ared spectra are 
difficult to interpret directly because of the overlap of weak overtones and combmations of 
fimdamental vibrational bands. As a restilt, multivariate calibration is required for 
quantitative analysis of sample constituents by NIRS. 
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Various calibration methods have been used to relate near-mftared spectra with 
measured properties of materials. Principal components regression (PGR), partial least 
squares regression (PLSR), stepwise multiple linear regression (SMLR), Fourier regression, 
locally weighted regression (LWR) and artificial neural networks are the most used 
multivariate calibration techniques for NIRS (Greaser and Davies, 1988b; Naes and Isaksson, 
1990; Hoist, 1992). None of these proposed calibration techniques have achieved universal 
acceptance because a calibration model that works well for one application may be 
unacceptable for another. 
Several studies have focused on measuring soil properties using NIRS. Bowers and 
Hanks (1965) concluded that reflectance spectra are strongly affected by soil moisture 
content, organic matter content, and particle size. Al-Abbas et al. (1972) found that light 
reflectance is negatively correlated with organic matter and clay content Krishnan et al. 
(1980) compared analyses based on reflectance at two wavelengths in the visible light region 
(623.3 and 564.4 nm) and two wavelengths in the near-infrared region (1136.0 and 1398.4 
nm) for predicting soil organic matter content of 12 soils fix)m Illinois (r^=0.92 for visible 
light, and r^=0.87 for infiared light). One hundred forty four samples collected from three 
soil series in (Queensland Australia (six depth-intervals for eight profiles of each soil series) 
were analyzed in the study of Dalai and Henry (1986). They used reflectance at three 
wavelengths, in the form of log (I/R), to predict total organic C, total N, and moisture 
content by multiple linear regression (r^=0.86,0.86, and 0.92, respectively). Using similar 
approaches, Morra et al. (1991) concluded that NIRS could be used to predict soil C and N 
content 
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Henderson et al. (1992) found that reflectance of organic matter ectracted fixjtn four 
hidiana agricultural soils strongly correlated with organic C content and significantly 
responded to concentrations of Fe- and Nfc-oxides in the visible range for soils having the 
same parent material. Fritze et al. (1994) studied reflectance spectra of fire- or wood ash-
treated himiiK samples, and found that the first two regression components (based on PLSR) 
obtained firom spectroscopic characterization could explain 60 to 80% of the biological 
variation (soil respiration and microbial biomass). The prediction ability of NIRS for soil N 
availability was compared with other tests by Fox et al. (1993). A portable near-infiared 
spectrophotometer, designed by Sudduth and Hunmiel (1993a, b), was used to predict soil 
organic matter (r^>0.85), moisture (r^O.94), and CEC (r^O.85) in soils from Illinois. They 
also concluded that the predictions of these soil properties became less accurate as the 
geographic range of samples increased (Sudduth and Hummel, 1996). 
Most NIRS studies related to prediction of soil properties were limited in one way or 
another due to small sample size, less diversity in soil types, and/or because only a few soil 
properties were tested. In this study, a diverse group of802 soil samples collected from four 
Major Land Resource Areas (MLRAs) were analyzed by NIRS. The objectives of this study 
were (1) to evaluate the ability of NIRS to predict various soE properties, and (2) to 
understand why NIRS can be used to predict some soil properties that theoretically do not 
respond to light in the near-infrared region. 
Materials and Methods 
SQ-NRI Pilot Project 
The USD A, NRCS, Soil Quality histitute and the USD A, ARS, National Soil Tilth 
Laboratory initiated a collaborattve project for "Measuring and Assessing Soil (Quality via 
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the National Resource Diventory Sampling Frame" (Brejda et al. 2000a, b). The goal of this 
project was to test the feasibility of sampling soils and measuring selected soil properties 
within the framework of the Natural Resource Inventory. Surface (0-3 or O-IO cm) and 
subsurface (3-10 or 10-30 cm) soils were collected from 448 sites in the four Major Land 
Resource Areas (MLRAs), including MLRA 9 (the Palouse and Nez Perce Prairies located in 
eastern Washington and western Idaho), MLRA 67 (the Central High Plains located in 
eastern Colorado, southeastern Wyoming, and western Nebraska), MLRA 77 (the Southern 
High Plains located in New Mexico and the panhandle of Texas), and MLRA 105 (the 
Northern Mississippi Valley-DrifUess Area, located in northeastern Iowa, southeastern 
Minnesota, and southwestern Wisconsin). More than 800 soil samples were collected and 
field observations were recorded at each site. The soil samples were analyzed for physical, 
chemical, and biological properties by the cooperating laboratories including the NRCS, Soil 
Characterization Laboratory in Lincoln, NE, and four ARS and university laboratories 
located in Ames, lA, Pullman, WA, St. Paul, MN, and Bushland, TX. The soil properties 
tested by NIRS and the analytical methods used are sunmiarized in Table 1. The basic 
statistics of soil properties are sunmiarized in Table 2. Some samples did not have complete 
soil property data, so the real number of samples used in the NIRS analysis could be smaller 
than 800. 
NIRS Measurement 
The spectral reflectance of soil samples collected for SQ-NRI Pilot Project in the 
visible and near-infirared regions was measured with a Perstorp NIRSystems 6500 scanning 
monochromator (Foss NIRSystems, Silver Spring, MD). For each, sample, about lOOg of air-
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dried soil was packed into a natural product cell havmg a quartz window, and the spectral 
reflectance, averaged from 25 spectra, was recorded as the logarithm of the inverse of the 
reflectance [log (l/R)] at 2-nm interval from 400 to 2498 mn. In order to evaluate the 
application of MRS for soil testing under more realistic and practical conditions, the <8-mm 
sieved soil samples were analyzed by NIRS for this study. Although some soil properties 
were measured using samples passing a 2-mm sieve while the near-infrared spectra were 
obtained with samples passing an 8-mm sieve, the discrepancy should have little effect on the 
NIRS predictions as long as the procedures were consistent. 
NIRS Prediction 
A principal component regression (PGR) technique was used to relate the near-
infrared reflectance spectra to the measured soil properties. The NIRS-PCR technique, 
simunarized in Figure I, contains 4 steps: data pretreatment, calibration set selection, 
prmcipal component regression and prediction, and prediction ability evaluation. 
Data Pretreatment The spectra in the range of 1300 and 2500 tmi were used to correlate 
with the soil properties. The spectral reflectance data [log (1/R)] were reduced by averaging 
every five adjacent spectral points to yield 120 new spectral data points, each representing a 
10-mn interval. The first differentials of the reflectance spectra were then calculated using 
di = Xrt-i - Xi, i= 1,2 , 1 1 9 ,  [ 1 ]  
where dj represents the first differential of fth data point (xi) in the reduced NIR spectral data. 
The selected range of spectra includes three major reflectance peaks; the intense peak in the 
range of400 and 1300 mn was not included because it was found to reduce the accuracy of 
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predicted soil properties using this calfbratioii raodel. 
Calibration Set Selection In order to evaluate the ability of NIR5 to predict soil properties, 
spectral data for all soil samples were treated the same during the computation procedures. 
A database for all 802 samples containing the transformed and truncated first differential 
spectra as well as measured values for the soil properties was established. The calibration 
strategy used in this study was to first select a small (n=30) subset of similar (having similar 
spectra) samples for each sample being tested, and then to use PGR to predict the value of the 
soil property for the test sample. 
The 30 samples used in the calibration set for a given sample were selected firom all 
of those in the database (excluding the sample being tested) based on the shortest squared 
Euclidean distance to the differential reflectance spectra for the test sample. Squared 
Euclidean distance between two reflectance spectra can be obtained by 
where dAi and dst are the /th points of the &st differential spectra for soil A and soil B, 
respectively; p is the number of data points in the spectra. 
PCR and Prediction For the calibration set, the values of a soil property (yaoxi) can be 
expressed as a linear fimction of their spectral reflectance, such as 
where 1 is a 30x1 vector containing ones; bo and b are coefficients; e is the error vector. 
Because MIR spectral data points have high collinearity, a few principal components 
AB (dA,-dBj)"» [2] 
ysoxl — I30XI bo + C30XII9 bu9xl "f" ^30x1, [31 
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obtained from the spectral data matrix are employed to replace the original spectra matrix in 
eq.(l). The new regression coefficients can be determined by a least square method and then 
used to estimate the properties for a test sample. The details of principal component 
regression can be found in "Multivariate Calibration" (Martens and Naes, 1989). 
Prediction Ability Up to 14 principal components were used in the regression calculations, 
the nimiber of principal components (F) was chosen to give the smallest RMSECV (root 
mean standard error of cross validation), largest r^ and a slope close to one for the regression 
line between predicted and measured values of soil properties. The ability of the NIRS-PCR 
technique to predict a soil property was evaluated using r^, RMSECV, and RPD (the ratio of 
standard deviation to RMSECV). 
In this study, eigenvectors were obtained from singular value decompositions, and all 
calculations were performed using MATLAB (The Mathworks, Inc. Natick, MA). 
Property Equation 
NIRS spectra are directly influenced by combinations and overtones of fundamental 
vibrations for organic flmctional groups, water, particle size, and surface properties. 
Therefore, total C, total N, moisture content, particle size and aggregation are considered 
primary properties, because a theoretical basis for NIRS predictions of these properties is 
apparent. Other soil properties are considered secondary properties. If a secondary property 
is correlated with one or more of the primary properties, the secondary property may also be 
predicted by NIRS even though it does not respond directly to near-infrared light. For 
instance, potentially mmeralizable N is related to total organic C and total N, and CEC is 
correlated with clay abundance and organic matter content- Previous studies have found that 
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NIRS can predict some soil properties not theoretically related to near-infrared light (Fox et 
aI.I993; Fritze et al. 1994; Ben-Dor and Banin, 1995). The cause of this phenomenon was 
studied. To do so, the predictive ability of the NIRS-PCR technique for secondary soE 
properties was compared to their level of correlation with primary soil properties. 
Results and Discussion 
NIRS of Soil Samples 
All soils tested in this study had similar visible and near-infrared reflectance spectra. 
They had high log (1/R) in the visible light region (400-800 nm), and three major absorption 
peaks (around 1400,1900, and 2200 nm) in the near infrared light region. Mean spectra for 
soils from the four MLRAs shown in Figure 2 were obtained using only samples with low 
moisture content (<0.01 kg kg"') in an effort to reduce the influence of water and to 
emphasize the essential characteristics of the reflectance spectra. In the near-infrared region, 
the mean spectra for MLRA 67 and MLRA 77 had more intense peaks than the mean spectra 
for MLRA 9 and MLRA 105. The mean spectrum of MLRA 77 had the highest log (l/R) in 
the visible light range. Mean spectra for MLRA 9 and MLRA 105 had different basal lines, 
but both, had weak peaks in the near-infrared light region. 
Soils from the different MLRAs could be separated from each other by the 
distribution of their first three principal components (PCs) generated from the first 
differentials of log (I/R) for the 1300 to 2500 nm range. Figure 3 demonstrates both the 
power of PC analysis as a means of discriminating near-infiared reflectance spectra of soils 
and a tendency for regional similarity in NIR spectra of soils. 
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The size discrepancy between samples used for the soil property measurements (<2 
mm for some properties) and NIRS analysis (<8 mm) should have only a little influence on 
NIRS predictions. However, using <8 mm soils may have greater variation in surface 
physical properties (such as size and shape of soil aggregates) than <2 mm soils; surface 
physical properties aSect the NIRS analysis due to their influence on the light scattering and 
light path lengths. The effect of sample physical properties may be partially but not entirely 
removed by spectral data pretreatments. As a result, NIRS analysis is usually more accxnrate 
when samples have similar particle size. 
The first step in the calibration procedinre used in the NIRS-PCR technique was the 
selection of 30 neighboring samples for the calibration set, based on the smallest squared 
Euclidean distance between the first differential spectra for test sample and for any of the 
other samples in the database. Generally, soils from the same area have similar soil 
properties (such as size and shape of aggregates) and similar responses to incident light. 
Therefore, selecting similar spectra should help to reduce the influence of physical variations. 
One means of testing the viability of this approach was to determine the extent of regional 
bias that occtirred during selection of samples for the cahbration set. To do so, we defined q 
as the probability that samples in the calibration set are from the same MLRA as the test 
sample: 
q = n/30 (4) 
where n is the mraiber of samples in the calibration set that are firam the test sample's 
MLRA. We firrther defined Q as the adjusted population ratio for the test sample's MLRA 
(i.e., the expected value of q if the samples for the calibration set were randomly selected). 
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Results in Table 3 show that the average q obtained by selecting the calibration set using raw 
spectral data is smaller than q obtained by selecting the calibration set using the first 
differential spectra. The results indicate that the first differential spectra provide more 
effective information for selecting similar samples. Furthermore, the large discrepancies 
between q and O for MLRA 77 and MLRA 67 obtained using the first differential data 
suggest that the spectra for soils firom these MLRAs are unique relative to spectra for soils 
from the other MLRAs. However, the value of q for MLRA 77 is reduced slightly when only 
spectra data from near-infrared range are considered. 
The differences in average spectral features for soils from the four MLRAs are due to 
differences in soil properties. Samples collected from MLRA 77 (Texas and New Mexico) 
had very low organic matter content (average total C is 4 g kg"') and had an orange to reddish 
color. By contrast, most soils from MLRA 9 (Washington and Idaho) and MLRA 105 (Iowa, 
Miimesota, and Wisconsin) had higher organic matter content (average total C is 28 g kg*' 
and 34 g kg"', respectively) and appear brownish in color. Other factors, such as soil 
structure and texture also likely contributed to differences in the average spectra. 
Soil Properties and Reflectance Spectra 
Soil is a heterogeneous mixture of various chemical compounds, and thus a unique 
spectral response for soil properties is by no means certain. One method of evaluatmg the 
spectral response for a soil property is to study the relationship between wavelength,^ 
log (I/R), and the values of the soil property. The relationship between the first differentials 
of log (1/R) and measured values for some soil properties (total C, total N and moisture 
content, biochemical properties, and macroaggregation and particle size) in the visible-near 
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infrared light region are shown in Figure 4. Total C and total N had similar responses but the 
response for soil moisture was unique. Carbon and N are major elements in soil organic 
matter, and quantities of C and N in soils are highly correlated. Some biochemical soil 
properties (such as potential mineralizable N, respiration rate, and biomass C) and CEC also 
have similar spectral responses, though less intense, to that of total organic C and total N. 
The similarity in spectral response for C, N, and other biological properties is probably due 
to their high intercorrelation (Brejda et al. 2000a, b). In contrast, water contains -OH groups, 
which clearly have a unique spectral response in the near-infrared region. Soil particle size 
distribution and macroaggregation also exhibited a unique spectral response to incident light. 
NIRS Prediction for Soil Properties 
The NIRS-PCR technique involves data reduction procedures, in which some spectral 
information is sacrificed. In this study each test sample had a different calibration set, thus 
the principal components (PCs) of each calibration set account for different amounts of the 
total variance. The first 10 PCs of all calibration sets account for 97 to almost 100% of the 
total variance (mean=99.5%). Therefore, using fewer PCs as independent variables in this 
NIR-PCR technique is acceptable. 
The ability ofNIRS to predict the 33 soil properties is summarized in Table 4. 
Samples having difference between meastnred and predicted values larger than three times 
RMSECV were considered outliers and were excluded from the analysis. For most tested 
soil properties more than 97.3% of soil samples were included for evaluating the prediction 
ability ofNIRS. Scatter plots of predicted versus measured values for some properties are 
shown, in Figure 5. 
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The ability of NIRS to predict values of soil properties can be grouped into three 
categories based on the and RPD values for the measured versus predicted relationships 
(Table 4). Category A (RPD>2.0) includes properties with measured versus predicted r^ 
values between 0.80 and LOO. The soil properties in category A include total C, total N, 
moisture, silt. sand. CEC. 1.5 MPa water. Mehlich HI extractable Ca. and basal respiration 
rate. Category B (RPD= 1.4-2.0) includes soil properties with measured versus predicted r 
values between 0.50 and 0.80. This group includes clay, potentially mineralizable N, total 
respiration rate, biomass-C, pH, some wet aggregation measures (macro-, 1.0, and 0.5 mm), 
some Mehlich EH extractable metals (Fe, K, Mg, Mn) and NH+OAc extractable cations (Ca, 
Mg, K) and titratable acidity. Mehlich III extractable Cu, P, and Zn, NH4OAC extractable 
Na, and some wet aggregation measurements (2 and 0.25 mm) are in Category C (r^<0.50, 
RPD<1.4). The authors believe that prediction of soil properties in Category B can be 
improved by using different calibration strategies, but properties in Category C may not be 
reliable predicted using NIRS. 
The results indicate that total C, total N, and moisture content are readily and 
accurately estimated (r^O.84, RPD>2.47). The slopes of the measured versus predicted 
regression lines for total C, total N, and moisture content are not significantly different from 
I which mdicates that NIRS-PCR does not tend to over- or under-estimate these properties. 
Di other studies of NIRS analysis of soils, the r values for measured versus predicted water 
content are higher than 0.9 (Dalai and Henry, 1986; Sudduth and Hxmmiel, 1993). The lower 
r^ value obtained in this study is due to the small range in moisture content of the air-dried 
samples (range=0.00-0.17, mean=0.02 kg kg*^). 
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The size, shape, and arrangement of particles in a sample can afiect the path of light 
transmission and the reflectance spectra, as such NIR. spectra are assumed to exhibit a 
primary response to soil texture and structure. Based on the results, NIRS can be used to 
predict sand and silt content (r^ >0.82; RPD>2.32) more accurately than clay (r^=0.67; 
RPI>=1.71). Predictions of aggregation measurements fay NIRS, on the other hand, are less 
reliable (r^<0.6; RPD<I.58). The poor performances of NIRS-PCR in aggregation may be 
due to artifacts related to sample handling, and/or the calibration model used may not be 
suitable for analyzing these soil properties. The use of first differentials of near infiared 
reflectance data used in this NIRS-PCR technique may remove some of the particle size 
influence. However, use of the original log (I/R) data with the PCR technique did not 
improve the results. Another possible explanation for the poor performance of the NIRS-
PCR technique in predicting measures of aggregation may be that these measures did not 
accurately represent the shape and size of particles and voids in the samples. 
Several soil properties that do not have a primary response in the near infi^d region, 
such as CEC and 1.5 MPa water, are accurately predicted by the NIRS-PCR technique 
(r^=0.81; RPD>2-28). Correlation of these properties with soil organic matter and clay 
contents may explain some of this effecL NIRS-PCR analysis is also relatively accurate for 
predicting levels of Mehlich IH extractable cations (Ca, Mg, K, Fe and Mn). Again, the 
ability of the NIRS-PCR technique to predict levels of extractable cations may be due to 
covariance of these properties with soil properties exhibiting a primary response in the near-
infiared region. Generally, NIRS-PCR analyses were more accurate for predicting cations 
extracted by the Mehlich HI method than the NH4OAC method. The reasons for this 
difference are not clear. 
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The ability of the NIRS-PCR technique to predict soil biochemical properties varied 
(potentially mineralizable N, r^=0.72, RPD=L84; total respiration rate, r^=0.66, RPD=L70; 
basal respiration rate, r^=0.82, RPD=231; and biomass C, r^=0.60, RP1>=1.50). Values of 
the biochemical properties and the accuracy of the NIRS-PCR predictions are affected by the 
levels and nature of soil organic matter. For example, soil samples from MLRA 77 have a 
lower total C content and a narrower range (mean=42, range=l.9-ll.l g kg'^ ) than the soils 
from MLRA 105 (mean=342, range=5.5-285.8 g kg''). The ability of the NIRS-PCR 
technique to predict biomass C and basal respiration rate for soils from MLRA 77 is very low 
(r^<0.02) whereas these predictions are much more accurate for soil samples from MLRA 
105 (r^=0.66 and 0.80, respectively). In general, the r^s for other soil properties for samples 
from MLRA 77 are lower than r^s for samples from other MLRA groups. These differences 
suggest that organic matter content had a large effect on the accuracy of NIRS-PCR 
predictions for many soil properties. 
hi addition to abundance, the nature of soil organic matter also affects biochemical 
properties of soils. Soil orgam'c matter is composed of large and complex organic polymers. 
Abundance and distributions of the various organic fimctional groups may influence both the 
biochemical properties and the NIR spectra. For example, potentially mmeralizable N 
measures the N that is mineralized during a 35-d incubation. Soil organic matter that 
contains a large amount of N in readily decomposable proteins will have higher potentially 
mineralizable N levels than soils with, large amounts of N in more recalcitrant heterocycles. 
Respiration rate may also depend on the nature of organic fimctional groups. Unfortunately, 
it is difScult to distinguish soil organic fimctional groups using NIR spectra at this stage. 
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NERS-PCR Predictions of Secondary Properties 
Many soil properties with a secondary response in the MIR could be predicted using 
NIRS-PCR (Table 5). The ability of NIRS-PCR to predict these properties may be due to 
correlations with soil properties having a primary response in the near infrared light region. 
To test this hypothesis we compared the predictions of secondary properties by multiple 
linear regression (MLR) using the primary properties as independent variables (method A) 
with predictions using the NIRS-PCR technique (method B). Total N and silt contents were 
not included in the MLR of method A due to the strong correlation between total C (r=0.95) 
and sand contents (r^O.97), respectively. The analysis (Table 5) indicates that in general, 
when the r^s were high for predictions obtained by multiple linear regression (method A), 
high r^s were also obtained using the NIRS-PCR technique. For instance, CEC was readily 
predicted by multiple linear regression using moisture, total C, particle size distribution, and 
macro-aggregation (r^=0.89), and therefore it was not surprising that CEC was also 
accurately predicted by NIRS-PCR (r^=0.81). Mehlich EQ extractable Cu, on the other hand, 
is not correlated with any of the primary properties, and the r^s for methods A and B are both 
low (0.00 and 0.25, respectively). However, the ability of the NIRS-PCR technique to 
predict some secondary properties cannot be explained by covariance with primary soil 
properties. Mehlich EE extractable BC is one example. The r^ between the measured and 
predicted values based on Method A is low (0.13), but the r^ for the NIRS-PCR technique is 
0.64. The pH measured in H2O and CaCli are also more accurately predicted by NIRS-PCR 
than would be expected from covariance with primary soil properties. This discrepancy may 
be due to the inability of multiple linear regression to accurately represent the relationship 
93 
between primary and secondary soil properties, and/or that other soil properties not meastired 
may influence the MIR spectra. 
Conciusion 
NIRS is a simple and nondestructive analytical method that can be used to quantify 
several soil properties simultaneously. The main challenge limiting application of NIRS for 
the evaluation of soil properties is finding smtable data pretreatment and calibration 
strategies. In this study, a NIRS-PCR technique was used to correlate reflectance data and 
values for soil properties. The results show that this techm'que can be used to simultaneously 
estimate several primary soil properties (such as total C, total N, moisture content, particle 
size) and secondary soil properties (such as CEC, extractable Ca, BC, and Nfo, respiration rate, 
and potentially mineralizable N) in a very short time. Different calibration strategies may be 
able to significantly improve NIRS predictions for other soil properties. However, the 
accuracy of NIRS-PCR is sxifficient to support field and pedon scale analysis of soil 
properties, and therefore NIRS has the potential to be used as a rapid soil testing technique 
for precision soil management and assessing soil quality. 
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Table I. Soil properties measiffed and analytical methods used in the SQ-NRI Pilot Project 




Dry combustion using a LECO SC- USDA-NRCS, 1996 
444 analyzer (g kg"') 
Dry combustion using a LECO FP- USDA-NRCS, 1996 
438 analyzer (g kg*^) 
Gravimetric water content (kg kg"') 
Potentially mineralizable N 35 day incubation at 25°C (mg N Drinkwater et al., 1996 
Respiration rate: 





1.5 MPa water 
Aggregation: 
macro, 2, 1,0.5, 
and 0J25mm. 
Particle size distribution: 
clay, silt, and sand 
kg'') 
35 day incubation at 25°C /CO2 
trapping (mg CO2-C kg*' d"') 
Fumigation/extraction (mg kg"') 
NH4OAC cation-exchange capacity 
at pH 7 (cmolc kg"') 
pH measured at 1:1 soil-water 
suspension 
pH measured at 1:2 soil- O.Ol M 
CaCl2 suspension 
1.5 MPa water (wilting point) on air 
dry soil (kg kg*') 
Wet aggregate stability, wt% of 
aggregates retained on 2,1,0.5, 
0 Jt5mm sieve, respectively. Macro-
aggregation is the simi the wt% of 2 
to 0.25mm aggregates 
Pipette method (%) 
Drinkwater et al., 1996 









Table 1. (cont.) 
Soil Property Method Reference 
MehHch III extractable 
metals: 
Ca, Cu, Fe, K, Mg, 
Mti,Zn,andP 
Exchangeable bases: 
Ca, Mg, Na, and K 
Extraction with Mehlich IE followed Mehlich, 1984 
by ICP-AES analysis (mg kg*') 
NH4OAC extraction (cmol kg"'), 
measured using a Perkin-Elmer AA-
5000 
USDA-NRCS, 1996 
Sum of extractable bases 
Exchangeable acidity 
Sum of NHtOAc extractable bases 
(cmol kg*') 
USDA-NRCS, 1996 
NH4OAC extractable acidity measured USDA-NRCS, 1996 
by BaCTa-triethanoIamine solution 
buffered at pH 8^ and back titrated 
with HCl (cmol kg*') 
99 
Table 2. Sample size, mean and the range of soil properties obtamed from SQ-NRI Pilot 
Project-
Soil Property a Mean Min Max Standard deviation 
Total C(g kg-') 743 26.5 1.3 285.8 25.8 
Total N(g kg-') 744 2.3 02 16.5 1-8 
Moisture (kg kg"') 802 0.02 0.00 0-16 0.01 
Potentially mineralizable N (mg N kg"') 764 52.6 0.4 555 55.8 
Total respiration (mg CO2-C kg-' d"') 786 282 0.3 2792 418.6 
Basal respiration (mg CCb-C kg"' d*') 786 45.0 OJ 884.7 69.9 
Biomass (mg kg'') 745 603 3-7 22338 989.2 
CEC (cmolc kg-') 744 18.7 1.9 92.2 9.7 
1.5 MPa water (kg kg-') 744 0.11 0.01 0.62 0.06 
pH-HiO 743 6.3 3.9 8.5 0.8 
pH-CaCl2 743 5.9 3.5 8.0 0.8 
Aggregation (%) 
2 mm 763 6.5 0.0 38.4 6.4 
I mm 764 7.4 0.0 41.6 7.4 
0.5 mm 763 10.7 0.0 38.1 7.6 
025 mm 765 15.6 0.4 54.8 7.9 
Macro 765 40.1 77 89.8 22.2 
Particle size distribution (%) 
Qay 743 17.0 0.7 35.2 7.0 
Sflt 743 53.4 3.1 85.3 23.9 
Sand 743 29.6 1.2 95.2 27.8 
Mehlich HI extractable metal (mg kg-') 
Ca 784 2265 87.7 12763 1366.9 
Cu 761 4.8 0.3 131 10.5 
Fe 784 209 5.0 646 110.6 
K 784 326 162 1757 2372 
Mg 784 423 17.4 2886 282.9 
784 141 0.9 675.9 109 J2 
P 779 49.4 0.7 507.6 49.8 
Za 762 10 0.1 373.3 32-9 
Exchangeable base (cmolkg"') 
Ca 744 13.0 0.2 98.7 8.8 
Mg 742 3.7 0-1 17.6 2-4 
Na 439 0.2 0.1 1.8 0.2 
K 742 0.9 0-1 4.8 0.6 
Sum of exchangeable bases (cmol kg"') 744 17.7 0-4 115-4 10-9 
Exchangeable acidity (cmol kg-') 730 6.5 0.1 54.0 4.6 
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Table 3. Regional bias of NIRS-PCR technique based on the raw spectral data, log (I/R), 
and the first differentials of raw spectra. 
MLRA9 MLRA67 MLRA77 MLRA105 
Q, expected value 271/801 127/801 63/804 337/801 
= 034 = 0.16 = 0.08 = 0.42 
q, based on raw data^ 
X. = 400~2500nni 0.58 (0.18) 0.41 (0.15) 0.79 (0.21) 0.55 (026) 
X = 400~I300nm 0.54(0.19) 032 (0.14) 0.86 (0.17) 0.52(022) 
X = I300~2500nm 0.63 (0.19) 035 (0.13) 034(0.16) 0.56 (02S) 
q, based on first differential data^ 
X. = 400~2500nm 0.71 (0.23) 0.76 (0.22) 0.98 (0.13) 0.73 (0J21) 
X = 400~I300nm 0.64 (0.22) 0.50 (0.16) 0.97 (0.13) 0.65 (0.22) 
X=I300~2500nm 0.73 (0.25) 0.61 (0.26) 0.75 (0.22) 0.79 (0.18) 
^Values in the parentheses represent the standard deviations. 
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Table 4. Statistics of NERS-PCR technique on the prediction of soil properties. 
Soil Property (n/N)xlOOt Ft RMSECVt RPDt Category§ 
Total Carbon 97.7 7 0.87 7.86 2.79 A 
Total Nitrogen 97.9 7 0.85 0.62 2.52 A 
Moisture 97.9 8 0.84 0.005 2.47 A 
Potentially min. N 98-7 8 0.72 26.05 1.84 B 
Total respiration rate 97.5 9 0.66 205 1.70 B 
Basal respiration rate 98.4 -t / 0.82 23.55 2.31 A 
Biomass C 99.2 9 0.60 390 1.50 B 
GEO 98.0 8 0.81 3.82 228 A 
1.5 MPa water 97.7 7 0.81 0.025 2.30 A 
pH - HiO 98.4 13 0.55 0.57 1.43 B 
pH-CaCh 98.3 13 0.56 0.56 1.47 B 
Aggregation 
2.00 mm 98.7 6 0.48 4J28 1.38 C 
1.00 ram 98.4 5 0.58 4.57 1.55 B 
0.50 mm 99.7 9 0.53 5.19 1.44 B 
0.25 mm 99.1 8 0.46 5.67 1.34 C 
Macro 99.1 9 0.60 14.01 1.58 B 
Particle size 
Qay 98.1 12 0.67 4.06 1.71 B 
Silt 98.8 8 0.84 9.51 2.52 A 
Sand 98.8 8 0.82 11.93 2.32 A 
Mehlich HI ex. metal 
Ca 98.6 12 0.80 565 2.19 A 
Cu 98.0 14 0J25 5.37 0.92 C 
Fe 97.3 9 0.64 61.40 1-66 B 
K 97.8 13 0.64 132 1-64 B 
Mg 98.2 14 0.71 144 1.78 B 
Mn 97.7 12 0.70 56.40 1.79 B 
P 97.6 13 0.40 32.28 1.18 C 
Zn 97.9 9 0.44 1528 1.07 C 
Exchangeable base 
Ca 98.3 12 0.75 4.00 1.94 B 
Mg 98.2 9 0.68 128 1.75 B 
Na 98.2 7 0.09 0.13 0.92 C 
K 98.2 13 0.55 0.42 1.44 B 
Sum of exch. bases 98.0 11 0.75 4.86 1.98 B 
Exchangeable acidic 98.6 11 0.65 2-44 1.68 B 
t N is the number of tested samples and n is the niraiber of tested samples with diSerence between 
measured and predicted value smaller than 3 times original RMSECV. 
X The r, RMSECV, and RPD are based on the measured and predicted values of n samples. 
§ Categories of the prediction abilily of NIRS-PCR techm'que for soil properties. A: r .^8~l.O; 
B: rM.50~0.8; C=r<0.50. 
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Table 5. Correlation coefficient, r, between soil properties, and r^ between measured and 
predicted values based on method A, y = f (primary soil properties), and method B, 
y = f(NIRS). 
Correlation coefficient, r, between r^, based on measured 
measured properties and predicted values 
„ Macro Method A Method B 
o property aggregation Clay Sand Total C Moisture (property) (NIRS) 
Potentially min. N" 0.44 0.03 -0.12 0.71 0J2 0.54 0-72 
Total resp. rate -0.15 0.10 -026 0.35 0.31 0.25 0-66 
Basal resp. rate 0.45 0.10 -026 0.68 033 0.50 0-82 
Biomass C 0J22 0.06 -0.09 0.54 029 021 0-60 
1.5 MPa water 0.23 0.56 -0.47 0.86 0.72 0.88 0.81 
CEC 0.15 0.63 -0.54 0.80 0.79 0.89 0.81 
pH-HzO -0.02 0.08 0.19 -0.04 -0.01 0.09 0.55 
pH-CaCl2 0.05 0.07 0.17 0.02 0.00 0.09 0.56 
Mehlich HI ex. Metal 
Ca 0.12 0.53 -0.35 0.59 0.61 0.53 0.80 
Cu 0.12 -0.03 -0.02 0.03 -0.01 0.00 0.25 
Fe 0.25 0.12 -0.45 0.40 0.28 0.32 0.64 
BC -024 0.11 -0.04 020 0J24 0.13 0.64 
Mg 027 0.62 -0.44 0.53 0.55 0.58 0-71 
Mn 0.42 -0.02 -0.32 0.28 0.10 0.29 0.70 
P 0.15 0.02 -0.10 0.31 0.13 0.07 0-40 
Zn 0.17 -0.06 -0.00 0.14 0.01 0.03 0.44 
NH4OAC ex. Base 
Ca 0.16 0.51 -0.36 0.68 0.64 0.61 0.75 
Mg 0.29 0.61 -0.44 0.57 0.55 0-60 0-68 
Na -0.05 0.13 -0.03 0.03 0.08 0-00 0.09 
K -0.20 0.12 -0.04 0.24 0.26 0-13 0.55 
Sum of ex. 0.18 0.56 -0-40 0.70 0-66 0-68 0-75 
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Figure 2. The average NIR spectra for soils containmg low moisture content 
(<0.01 kg kg*^) from 4 MLRA. groups. The total C (g kg*^), and 
total N (g kg*^) of these sample are as fbHow: MLRA 9, total 
C=14.5, total N=1.3; MLRA 67, total C=7.9, total N=0.9; MLRA 





















Figure 3. Distribution of the first 3 principal components ^Cl, PC2^ and 
PCS) for soils firom 4 MLRAs. The PCs are based on the first 
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Figure 4. The influence of wavelength on the correlation between the first 
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Figure 5. Soil properties measured by standard laboratory procedures and predicted 
by NIRS-PCR technique 
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CHAPTER VI: GENERAL CONCLUSIONS 
Near-infrared reflectance spectroscopy (NIRS) can be used to estimate diverse soil 
properties simultaneously with acceptable accuracy in a very short time. Generally, soil 
properties, which can be analyzed by NIRS, are related to water, soil organic matter, and/or 
soil tecture. These properties include soil C (organic and inorganic C), total N, moisture, 
CEC, particle size distribution, 1.5 MPa water, potentially mineralizable N, basal respiration 
rate, pH, and/or some extractable and exchangeable cations. Due to its rapidness and 
convenience, NIRS has a great potential to be used as a routing technique for soil testing. 
The strong ability of NIRS on quantifying soil C and N suggests that NIRS can be a usefiil 
tool in the study of soil C sequestration. Combined with other technique, NIRS may be used 
by farmers and land managers in field application. 
Four major factors affect the prediction ability of MRS for soil properties: "physical 
properties" of soil samples, quality of soil property data, soil moisture content, and 
calibration strategies used. NIRS is the study of interactions between incident light and the 
surface properties of a material; therefore, soils with very different surface physical 
properties (such as size and shape of particles, and voids between particles and aggregates) 
can cause large variations in light path length, which may not be reduced entirely by 
mathematical treatments. This influence was found while comparing the results fit)m 
lowa/Mirmesota soils (Chapter m) and MLRA soils (Chapter V). The MLRA samples 
representing more than 140 soil series were collected from 448 sites, by contrast only six soil 
series collected from two fields were included m Iowa/Minnesota soils. In addition, the 
MLRA samples used for NIR analyses were <8 mm while the Iowa/Minnesota soils were <2 
I l l  
mm. Therefore, great physical variations were e3q)ected in MLRA samples. As a 
consequence, the predicted results were much more accurate for Minnesota/Iowa soils than 
MLRA santrples. 
NIRS is an empirically based analytical technique, and its performance is strongly 
affected by the quality of property data. Most of the soil properties for the Iowa/Minnesota 
samples (Chapter HI) were measured by the author while several laboratories were involved 
with measuring properties of the MLRA samples (Chapter V). Therefore, the soil property 
data for the lowa/Mirmesota soils might be more precise than that of MLRA samples. This 
difference in precision may partially explain why the NIRS analyses of soil properties were 
more accurate for the Iowa/Minnesota samples than for the MLRA samples. 
Water has a very strong response to inddent light in the near-IR region (Chapter HI 
and IV). The strong near-IR absorption by soil water may mask spectral features related to 
other soil properties. Generally, the accuracy of NIRS predictions for air-dried soils was 
better than for moist soils, but the detrimental effect of soil moisture was minimal (Chapter 
IH). 
Different prediction results can be obtained by using different calibration strategies. 
Several datapretreatment procedtares can be used to reduce the influence of particle size 
variation in NIRS analyses, and selecting a suitable method for data pretreatment is very 
important. In this study, the first differentials of the spectral data were used. Based on the 
samples analyzed, similar results were usually obtained using partial least square regression 
(PLSR) and principal component regression (PCR). However, the approach used to select 
the calibration set had a large influence on the results. For example, the number of samples 
used in calibration set was evaluated in Chapter (III). En this study, soils with sunilar spectra 
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to an unknown sample were selected for the calibration set. By this approach, soils with 
similar properties, mostly moisture content and aggregation, would be included in the 
calibration set, and then the influence of variations in soil moisture content and light path 
length are reduced. The benefit of this approach is greater for a very diverse group of soils 
than for a more homogeneous group of soils. Varies similarity measurements have been 
proposed, in this study the best results were obtained using the squared Euclidean distance 
between the spectrum of the unknown sample and the spectra of potential calibration 
samples. 
The response of incident light to soil water was also studied (Chapter IE and Chapter 
IV). Generally, the height and width of the -1400 and -1900 nm absorption peaks ofNIR 
spectra for soils increase as the moisture content increases. The base line of NIR spectra also 
shifts to higher log (I/R) and peak location shifts to longer wavelengths as the moisture 
content increase. The analyses of unit water spectra (UWS) indicated that the NIR response 
is affected by the strength of the mteractions between water and the soil matrix. The UWS 
exhibit similar spectral variation patterns as the raw spectra; however, these differences are 
less significant when moisture levels are higher than RH=55% (Chapter IV). The strong 
correlations between the height of ~1900 nm peaks of UWS at low moisture content and soil 
matrix properties indicates that interactions between soil water and soil texture are stronger 
than those with soil organic matter. 
NIRS has a great application potential. However, several problems need to be solved 
before NIRS can be used as a practical tool. First, because NIRS is an empirically based 
analytical technique, a large library containing NIR spectra and soil property data for diverse 
soils should be established. Second, more robust calibration strategies which reduce the 
113 
influence of "soil physical properties" and soil water are needed. Third, fast and convenient 
soil pretreatment techniques to obtain more homogeneous soils are needed. 
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